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Abstract
Tropical ecosystems provide a variety of services and resources for global well-being.
However, landscapes within this biome are undergoing rapid changes mostly due to
anthropogenic activities. These systems are further impacted by current, extreme fluctuations in
climate, including climate change and El Niño Southern Oscillation (ENSO). With predicted
future increase in strength and occurrence of these climate oscillations, these landscapes and
their plant communities will be impacted and changed. There is a gap in research and knowledge
among tropical Indonesian landscapes in regards to the effects of global climate change at the
community level. Therefore, there is an urgent need to understand how tropical plant
communities respond to current environmental conditions in an effort to predict how future
changes will impact these regions.
The overarching focus of this dissertation research is to determine the usefulness of
digital repeat photography in monitoring tropical Indonesian plant communities and to
understand how these landscapes are behaving in the face of climate change. Specifically, this
study aims to:


Assess the ability to remotely monitor tropical plant communities at the landscape and
species level through the use of digital repeat photography.



Evaluate the relationship between satellite-derived vegetation indices and ground-based
calculated indices of greening.



Investigate a novel approach to study the phenology, growth and expansion of a tropical
mangrove tree species.
Our study was carried out in a variety of landscapes in Indonesia, specifically 6 sites

ranging from secondary forest with primary patches to monoculture plantations to an urban
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landscape in East Kalimantan, Borneo, and one mangrove forest on Karimunjawa Island, Central
Java. Phenocams were established at varying times as field and research logistics provided
between mid-2012 to mid-2013. To understand plant community composition at each site,
ecological site descriptions using point-quarter transects were conducted at all sites except the
monoculture plantations. Sites were monitored for approximately three years, which included
Non-ENSO, Weak ENSO, and Very Strong ENSO years, but due to data gaps and technical
issues, not all sites provided sufficient data for full analysis.
The use of phenocams among a variety of plant communities provided the opportunity to
convey canopy phenology in response to extreme changes in temperature and precipitation
induced by ENSO events.

Phenocam imagery spectral properties were analyzed to derive

greening indices (the green excess index (GEI) and the green chromatic coordinate (GCC)) as a
measure of plant phenology, which were compared to determine which index serves as a better
metric within these landscapes. The GCC was found to be a better measure of the two, but it was
also found that these plant communities express a lagged response to environmental changes of
14-21 days (site dependent) during Non-ENSO years, and an advanced zero day lag for Very
Strong ENSO years. As a result of the warmer temperatures and decreased rainfall during the
ENSO periods, the GCC decreased at all sites. The most impacted site was shown to be the
secondary forest with primary patches, as this site may be less resistant to extreme changes in
temperature and precipitation. Phenocams were also used to detect changes at the species level,
through which we were able to identify key dominant species that may be driving greening seen
at the landscape level. These results emphasize the effects of climate change on vegetation
phenology and the importance of assessing species level response to better understand landscape
dynamics.
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Changes and responses within plant communities effect the changes seen at landscape,
regional and global levels. However, common methods used to capture these processes, such as
satellite remote sensing, may not always be effective given inherent conditions of tropical
environments, including abundant rain, clouds, and fog. Therefore to evaluate the effectiveness
of satellite remote sensing to convey changes at the landscape level, we compared common
satellite derived vegetation indices (normalized difference vegetation index (NDVI); the
enhanced vegetation index (EVI)), which provide a measure of land surface phenology, to
phenocam vegetation indices, the GEI and the GCC, which provided a measure of landscape
phenology. For seven sites ranging from primary forest patches to secondary forests to
plantations, it was shown that satellite-derived NDVI and EVI were not significantly related to
landscape level GCC and GEI indices. When divided into datasets encompassing rainy and dry
seasons, significant correlations between EVI and GCC were revealed during the dry season,
suggesting that of the satellite-derived vegetation indices, EVI was better at conveying
phenology during the dry season. Finally, when compared among ENSO events, as a result of
warmer temperatures and decreased rainfall produced by ENSO events, the GCC significantly
declined, but this anomaly was not conveyed in any of the other vegetation indices. These
findings demonstrate that satellite remote sensing in these tropical landscapes is not as effective
as ground-based monitoring, as these complex, mixed systems inherently contain variables that
are challenging for remote sensing platforms.
From September 2012 to May 2015, a phenocam monitored the seaward edge of a
protected mangrove forest. Calculated GCC revealed seasonal greening patterns of a mangrove
species, Rhizophoa apiculata, and an overall increase in the GCC, suggesting mangrove
expansion. In comparing temperature and precipitation effects, it was found that this particular
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mangrove species had a greening optima at temperatures between 28°C and 28.5°C, and
greening and canopy development response lag time of 10 weeks in response to precipitation.
Tree saplings were monitored and showed to grow by 50%, mostly during a three month period
during the rainy season. The establishment of new saplings was recorded, illustrating the
seaward expansion of this mangrove community. Digital repeat photography appeared to be
highly advantageous and an invaluable tool in assessing and monitoring mangrove phenology,
growth and expansion.
Combined these findings demonstrate the usefulness and benefits of using digital repeat
photography in Indonesian landscapes. They also illustrate the changes that are currently
undergoing within plant communities in response to extreme climate events, specifically ENSO
occurrences, which have major implications for future land use/ land cover and climate change.
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Chapter 1: Introduction
1.1 RATIONALE FOR THIS DISSERTATION
Global temperature has increased by an average of 0.65-1.06 °C as a direct consequence
of increasing anthropogenic activities over the last three decades (IPCC 2014). The recent IPCC
(2019) Special Report indicates that global temperatures will likely reach 1.5°C above preindustrial levels as soon as 2030. As the Earth has warmed, extreme weather and climate events
have become significantly more notable. The frequency, intensity and duration of extreme
events, such as droughts, are increasing (Scott, 2016), as has the intensity of ENSO events
(McPhaden et al., 2006). Land areas warm more rapidly than the oceans (Joshi et al., 2008);
nonetheless the impacts of warming are well documented in both terrestrial ecosystems (Corlett,
2011, Ostberg et al., 2013, Bjorkman et al., 2015, Rastogi et al., 2019) and within the oceans
(Byrne and Przeslawski, 2013, Harter et al., 2015, Ramírez et al., 2017, Hughes et al., 2018). In
tropical ecosystems, in particular, higher temperatures, drought, and related water stresses are of
concern (Corlett 2011).
Tropical landscapes globally are experiencing high rates of alteration and land conversion
linked to human disturbance (Song et al., 2018). Since tropical rainforests are one of Earth’s
largest biomes, their associated ecological services, processes, and changes have direct and
indirect impact on systems worldwide (Costanza et al., 1997, Chapin et al., 2000, Haddad et al.,
2015). Notably, tropical forests contain about 25% of the carbon in the terrestrial biosphere, and
sequester large amounts of carbon annually (Bonan, 2008). However, these services are
threatened as a result of land cover change. Deforestation and degradation in tropical regions
from 2003-2014 resulted in carbon loss of 861.7 Tg C year–1 (net carbon source of 425.2 ± 92.0
Tg C year–1) (Baccini et al., 2017). Deforestation and conversion in the tropics also accounts for
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changes in albedo, net radiation, soil and sensible heat fluxes and evapotranspiration which
principally affects the way water vapor is produced over the canopy, causing reduced rainfall (de
Oliveira et al., 2018). This results in higher soil and air temperatures, which can exacerbate
drought conditions. Changes in land cover clearly impact large scale processes, e.g. climate,
which can be detected and monitored by changes at the plant community level.
Climate drives the processes within vegetation, and in tropical plant communities,
precipitation is considered to be an important factor that affects vegetation productivity and
growth (Schuur, 2003). Plant communities in the tropics are highly diverse and highly dense.
Because of this, there are a multitude of processes acting in concert, and although individual
species may behave differently, their responses and tolerances are shared thereby forming plant
communities (Myster, 2012). The attributes and productivity of plant communities are highly
significant and responsible for what is seen at the landscape, regional and global levels. With
advancement in plant monitoring technologies, assessing the mechanisms that affect vegetation
at both the landscape and species level can help us understand landscape dynamics, and give
better insight on how vegetation will be impacted and respond to future climatic changes and
events, particularly those that are extreme.
The El Niño Southern Oscillation (ENSO) cycle, a fluctuation between unusually warm
(El Niño) and cold (La Niña) conditions in the tropical Pacific, is the most prominent climate
variation on Earth (McPhaden et al., 2006). The intensities of ENSO episodes vary and are
categorized by the 3 month running mean of sea surface temperature anomalies resulting in an
Oceanic Niño Index (ONI). Within the tropics, El Niño warming periods, typically bring drought
to Australia, Indonesia, and neighboring countries, whereas the island states of the central Pacific
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and the west coast of South America are often inundated with heavy rains (McPhaden et al.,
2006).
The influences of ENSO episodes on ecosystems are wide ranging. Since ENSO directly
impacts climate, resulting changes in precipitation, temperature and sunlight impact biological
processes within landscapes. For example, over the past two decades, ENSO events have caused
drier, warmer conditions in the tropics. As a result, defoliation increased in landscapes of Mexico
and South America (Martínez‐Ramos et al., 2009) and asynchronous, widespread flowering in
Bornean Dipterocarpaceae were followed by fruiting lows caused by exhausted energy reserves
after the mast fruiting event (Curran et al. 1999). In extreme episodes, severe drought has been
shown to increase tree mortality in tropical landscapes (Nakagawa et al., 2000, Silk, 2004,
Brando et al., 2014), and also result in forest fires (Siegert et al., 2001, Simbolon et al., 2003,
Brando et al., 2014). Tree mortality and forest fires alter landscapes, as well as land surface
properties and processes, such as ecosystem productivity. These changes negatively feed back
into the climate system by altering carbon uptake and sequestration of forest ecosystems
(Anderegg et al., 2013).
Though the above mentioned studies explore the effects of ENSO on vegetation in
tropical environments, such studies are in fact sporadic (Mendoza et al., 2017). Understanding
the role ENSO plays in influencing vegetation is vital, especially in landscapes like those in the
tropics where the climate is strongly coupled to ENSO occurrences. Given that climate models
predict severe and frequent extreme conditions for the tropics, there is an urgent need to
determine the magnitude of changes in and drivers of plant phenology, especially in tropical
landscapes, where there is a clear disparity in research compared to other biomes (Livingston et
al., 2016). The inequality of research within tropical regions is even greater for Indonesia since
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historically most studies in the tropical biome have occurred in the Amazon (Bonan, 2008). To
advance the knowledge and highlight the necessity to conduct research in these landscapes,
consistent, long-term monitoring studies (Beard et al., 1999) should be carried out incorporating
novel and dependable technologies within tropical plant communities. This study employs these
attributes in an endeavor to uncover vegetation response in tropical systems.
1.1.1 Definition and importance of phenology
Alterations in plant phenology in many ecosystems globally are some of the most
compelling evidence of climatic changes (Cleland et al., 2007, Sherry et al., 2007, Bjorkman et
al., 2015, Kharouba et al., 2018). Phenology is the study of life cycle responses of vegetation to
seasonal variations in environmental factors, and includes stages such as bud burst, greening,
flowering and senescence. Since phenological timing is sensitive to small fluctuations of climate
and is easy to observe, it is considered to be one of the best biological indicators of variability
and change (Rumpff et al., 2010). Drivers acting on the timing of plant phenological events
include abiotic and biotic elements, alone or in combination. Biotic factors such as pollinators,
pathogens, and herbivores are recognized as potential influences on timing of flowering, while
light availability, temperature, nutrients and moisture are key abiotic factors that may directly or
indirectly limit plant growth and production.
Climate is one of the dominant drivers for vegetative growth and senescence and as a
consequence, changes in climate may produce changes in vegetation phenophases
(Ratnaningrum et al., 2015, Winarni et al., 2016). Shifts in the timing of phenological events in a
variety of landscapes worldwide demonstrate ecosystems are being highly influenced by global
environmental change (Cleland et al., 2007, Zhang et al., 2018, Raffertyet al., 2020). As such,
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monitoring of plant phenology has been found to be reliable for quantifying landscape and
ecosystem responses to changes in climate (Morisette et al., 2009, Hamunyela et al., 2013).
The timing of development within vegetation is well adapted to the seasonality of its
environment. Phenology, for the most part, is more tuned to seasonal alterations in precipitation
(Weiss et al., 2004, Cleland et al., 2007, Suepa et al., 2016). In mid‐ and high‐latitude regions of
the Northern Hemisphere, seasonal growth cycles are characterized by spring green‐up, summer
maturity, autumn senescence, and winter dormancy (Zhang et al., 2003). Precipitation shifts have
been linked to the start of the vegetation growing season (SOS), i.e. delayed SOS as result of wet
winters in boreal forests (Yun et al., 2018). The longer vegetation is allowed to grow, the longer
its processes and byproducts are available, e.g. carbon uptake (Richardson et al., 2013, Keenan et
al., 2014). In higher latitudes, two significant factors that regulate SOS and flowering are the
timing of snowmelt and the temperatures that follow snowmelt (Richardson et al., 2013). In
semi-arid and arid desert ecosystems major precipitation events trigger the end of dormancy, and
shifts in weather patterns, the timing and frequency of rain events, have resulted in alterations in
phenology and community structure (Kimball et al., 2010, Prevéy et al., 2014). These and other
studies demonstrate the intimate nature of phenology and seasonal changes, and more recently
the influence of climate shifts.
In tropical monsoon climates, deciduous species dehydrate strongly during the early dry
season and remain leafless for 3–5 months, followed by rapid rehydration and synchronous bud
break of all conspecific trees as the first wet season rainfalls appear (Elliot et al., 2006).
However, most tropical regions don’t experience extreme seasonal variations. Much of
peninsular Malaysia, Sumatra, Java, Borneo and the Philippines represent a region that is highly
aseasonal (does not experience a spring, summer, fall, and winter like other biomes) (Appanah,
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1993). Although previous studies have looked into the influence of aseasonality, i.e. drought
induced general flowering events, particularly supra-annual mast flowering and fruiting among
dominant Dipterocarpaceae canopy trees (Sakai, 2002; Sakai et al., 2006), it is unclear how
phenological dynamics may have shifted and/or changed in response to recent climatic
fluctuations, particularly extreme changes in temperature and precipitation. It is assumed that
phenology might be less sensitive to temperature and photoperiod, and more tuned to seasonal
shifts in precipitation (Cleland et al., 2007), however, it is quite probable that flowering, which
plays a central role in regeneration in dipterocarp forests (Sakai, 2002, Numata et al., 2012), is
vulnerable to changes in the frequency and intensity of ENSO-associated conditions caused by
global climatic change (Curran et al., 1999). For areas where precipitation patterns are strongly
influenced by the El Niño Southern Oscillation, like Indonesia, the frequency and intensity of El
Niño events are expected to increase (Cai et al., 2014). This has been demonstrated in
comparable regions like Brazil where the effects of El Niño events have affected tropical forest
phenology. Specifically, a stronger dry season decreased canopy greenness related to losses of
canopy leaf area and decreased foliar chlorophyll activity during the 1982/83, 1987, and 1991/92
ENSO periods (Cleland et al., 2007, Asner et al., 2000).
Due to low monetary cost of phenological studies, a considerable amount of phenology
work has been conducted in ecosystems worldwide. Long-term phenology research provides the
ability to detect and describe phenological responses, which can then be compared across
species, time, and sites (Denny et al., 2014). Researchers have used numerous techniques to
observe how phenology has shifted in recent decades. Traditionally, phenological observations
have been carried out via ground- based measurements, including species-level observations
(Menzel 2003, Menzel et al., 2006). These datasets have provided critical information and
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invaluable contributions for current phenological initiatives (Morellato et al., 2016). However,
the limitations inherent in this method, such as subjective inaccuracy (Menzel, 2002), and time
constraints restricting geographic area and limiting number of individual organisms (Richardson
et al., 2009), make this technique time consuming and suboptimal. To make phenological
observations more practical and automated, different instrumentation and technologies have been
utilized, to include leaf sensors, spectroradiometers, digital cameras, and satellite‐based remote
sensing (Asner et al., 2015, Tang, et al., 2016). Since digital cameras tend to reflect what the eye
sees in human-based observation methods, there has been great advancement in this field. Laskin
et al. (2016) compared human-based observation methods of phenology assessment to those
captured by time-lapse photography and found that both means of assessment were near
identical, with some minor variances. According to their study, there was a slight
underestimation of development in phenology by cameras likely because of the limited field of
view of the camera setup. However, when phenophases were brief, camera imagery is able to
capture events that are otherwise missed completely between field visits. This and other
automated means to collect quantitative phenology data have gained great appeal among the
research community.
1.1.2 Remote sensing as a tool to measure phenology
The use of satellite remote sensing of ecosystem production has steadily increased in
recent years. Remote sensing measures landsurface phenology by quantifying vegetation indices
across multiple spatial and temporal scales (Dudley et al., 2015). In particular, spectral
vegetation products from the Moderate-resolution Imaging Spectroradiometer (MODIS) onboard
NASA’s Aqua and Terra orbiting satellites have been widely used to monitor and describe land
surface vegetation processes since their initiation in the early 2000’s (Gao et al., 2003Langner et
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al., 2007, Hmimina et al., 2013, Rankine et al., 2017). Vegetation indices that are calculated
from imagery retrieved from these remote sensing platforms include the normalized difference
vegetation index (NDVI) and the enhanced vegetation index (EVI). NDVI has become one of the
most widely used vegetation indices to explore plant phenology. NDVI is a measure of the
amount and vigor of vegetation on the land surface, and its relationship with vegetation
productivity has been well established (Pettorelli et al., 2005, El-Vilaly et al., 2018). EVI
compliments measures of NDVI by minimizing soil brightness influences, further reduces
atmospheric influences, and improves the sensitivity in high biomass regions, such as tropical
forests (Huete et al., 2002). These indices have provided a means to assess and understand
changes of vegetation at regional, continental and global scales. However, because most satellite
resolution is constrained spatially (Al-Wassai and Kalyankar, 2013), imagery may not able to
measure changes occurring at finer scales, i.e. differing species may respond to environmental
fluctuations differently, if at all, thus, remotely sensed measurements may be inadequate in
mixed communities (St. Peter et al., 2018). Most satellite sensors that address the constraints of
poor spatial resolution have done so at the expense of temporal resolution (Durgun et al., 2020).
Researchers are therefore wedged between a resolution trade-off (spatial versus temporal), or a
combination of multiple sensor datasets and modeling, e.g. image fusion (Borsoi et al., 2020).
Recently, studies have shown that near-surface remote sensing via the use of repeat
digital photography, also known as phenocams for the application to study phenology, provides a
novel, reliable, consistent and cost effective means of measuring of phenophases (Brown et al.,
2016, Richardson et al., 2018). Phenocams as an intermediate between traditional human-based
observations and satellite remote sensing can be used to quantify, at high temporal and spatial
resolution, seasonal changes in the optical properties of vegetated surfaces (Richardson et al.,
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2009). For example, Sonnentag et al. (2012) demonstrated that Red-Green-Blue (RBG) color
channel information ca be extracted from digital images and summarized in a color index the
green chromatic coordinate (GCC) - that can be used for comparing the timing of vital
phenological events, such as complete leaf coloring, across sites. Keenan et al. (2014) used the
GCC calculated from 5 years of digital repeat photography to observe phenological transitions in
a temperate deciduous forest to help characterize bud-burst and leaf senescence, and illustrate
how the seasonal cycle of canopy greenness is driven by the combined effects of changes in
canopy structure in the forest. Another commonly used camera-derived greening index is the
green excess index (GEI). Similar to the GCC, GEI has been used to characterize the timing and
intensity of changes in foliar coloration from deciduous, coniferous, boreal forests (Richardson,
2009). Andresen et al. (2018) used the GEI to track the inter-annual variability in seasonal
greening and above ground biomass for Arctic aquatic emergent graminoids.
These and other studies in a variety of ecosystems, such as deciduous and coniferous
forests (Liang et al., 2011, Klosterman et al., 2014), Alaskan tundra (Migliavacca et al., 2011,
Julitta et al., 2014, Andresen et al., 2018), and desert ecosystems (Nagler et al., 2014, Browning
et al., 2017) demonstrate the use of digital repeat photography to enhance our understanding of
environmental triggers of phenological events. This technology has allowed researchers to
monitor and understand ecosystems processes, including phenological dynamics, snow melt, and
habitat regeneration, consistently and over a long period of time without the subjectivity inherent
in observer-based systems and methods, and without the constraints of remotely sensed imagery.
The use of digital repeat photography in tropical forest environments has yet to be accomplished,
as there has been less focus on the detection of phenological events in non‐deciduous biomes
(Brown et al., 2016). However, Alberton et al., (2018) outline the need for the use of phenocam
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technology within tropical forest landscapes to monitor phenological dynamics, and to extend
phenocam applications for biological conservation, management, and ecological restoration
within these complex environments.
1.1.3 Phenocams as a tool to promote international collaborations
International collaboration is rapidly expanding, especially within the area of land use
and land cover change and its environmental impacts (Arnold et al., 2000, Wessels et al., 2004,
Gaveau et al., 2014). A number of factors have contributed to this increasing trend including: the
need to combine research datasets, emerging and overlapping research techniques and
technology, effort to expand collaborative publications, related research goals and interests,
increase funding and incentives for research, and the attempt to traverse and incorporate multiple
disciplines. Collaborations that cross international boundaries have improved our understanding
of many scientific phenomena, and often have led to the investigation of other questions that
weren’t previously considered. However, much international collaboration is disproportionately
situated in European nations and the USA, and the collaborations themselves have been
dominated by individuals from these same countries (Leydesdorff et al., 2013). In general,
scientists in advanced countries are most likely to collaborate with those in other advanced
nations as these countries often share similar research interest that stimulate collaboration among
them.
Developing and lagging countries, in contrast, are more likely to specialize in a few areas
of science that relate directly to some national need (Wagner et al., 2001), like disease control or
forestry concerns as in Indonesia, for example. The World Health Organization (Lansang and
Dennis, 2008) and other agencies concerned with international health have consistently
emphasized that a primary function of sustainable knowledge systems is to create and
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continuously improve the human and physical resources for health research, especially in
developing countries. From an ecological standpoint, these countries that are in dire need of
health research may contain some of the world’s most unique ecosystems; tropical rainforests in
Indonesia are one example. These environments are undergoing some of the most rapid
ecological changes, therefore, biological and environmental science research may be just as, if
not more, important than health research in these regions.
Digital repeat photography via automated time-lapse cameras provides the opportunity to
collect reliable, consistent imagery of targeted areas of interest. The dependability of standalone
and cost effective digital repeat photography is an ideal tool to use in Indonesia as many areas of
research interest are in remote locations and have limited access. Also, since collaborative
research endeavors are often interdisciplinary and with many different research needs (Beck et
al., 2017), digital repeat photography is highly flexible in its ability be applied in research. There
is the wide range of opportunities to apply and extend the use of digital repeat photography, e.g.
orangutan nest decay, or estuary tidal processes. The relatively low cost and ease of use of
ground-based repeat digital photography makes this an ideal tool for deployment in remote
locations, and in collaboration with international partners.
1.1.4 Changing landscapes within Indonesia
With a population of 246 million people, Indonesia is the fourth most populous nation in
the world, following China, the U.S. and India. Across its diverse landscape and archipelago of
islands, Indonesia harbors a disproportionately high share of the world’s biodiversity: 11 percent
of the world’s plant species, 10 percent of its mammal species, and 16 percent of its bird species
(Cleary and Devantier, 2011). Indonesia also houses the world’s third largest rainforest area, but
has had the highest rates of primary natural forest loss in the tropics over the past 2 decades due

11

to anthropogenic activities, such as forestry and mining, and changes in climate patterns (Hansen
et al., 2013, Margono et al., 2014, Gaveau et al., 2016).
Natural forests provide an array of invaluable services and provisions. Approximately 65
million Indonesians depend on forest products for subsistence like timber products, non-timber
products, and environmental services. However, Indonesia is currently experiencing one of the
highest rates of tropical forest loss in the world. In 1950, nearly 159 Million hectares (Mha)
(87.0%) of the total land area (182.7 Mha) in Indonesia was estimated to be covered by forest,
but from 1950 to 1997, 59 Mha of forest was deforested through logging and land clearing for
palm oil concessions (Tsujino et al., 2016). Unprecedented drought as a result of the 1997/98 El
Niño event lead to massive forest fires and resulted in a further loss of 3 Mha of forest in
Kalimantan (Fuller et al., 2004). Since this time, natural areas have continued to be exploited for
commodity production (fiber, palm oil), forestry, agriculture, wildfire, and urbanization (Abood
et al., 2014, Austin et al., 2017, Curtis et al., 2018). On the island of Borneo alone, the world’s
third largest island (73.7 Mha), it is estimated that, by 2015, industrial palm oil plantations (7.9
Mha) contributed to nearly half of the globally planted area of 18 Mha (Gaveau et al., 2016).
The impact of land conversion and deforestation on services provided by natural forests
has recently been a highly dedicated research endeavor for scientists worldwide (Sulistyawati et
al., 2008, Obidzinski et al., 2012, Petrenko et al., 2016). For example, land use and land cover
changes have a major effect on biodiversity; ensued limited species ranges not only decreases
population size, but can also have long term effects on genetic diversity (Hansen et al., 2012).
Globally, forested landscapes play an important role in carbon sequestration; however,
conversion of tropical rainforest to tree plantations, which on the island of Borneo accounted for
24% of deforestation from 2007-2008 (Carlson et al., 2012), greatly reduces carbon storage
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(Guillaume et al., 2018). Also, land clearing for agricultural purposes has resulted in soil
degradation and erosion (Rudiarto and Doppler, 2013).
Alterations within these habitats affect many species that flourish here, and consequently,
change the structure and functionality of these ecosystems. Therefore, it is important to
understand how landscapes are behaving and responding to current changes in environmental
conditions. This will help understand the current state of these landscapes and can help model
future estimates and processes, which in turn can be utilized in conservation policies and
practices.
1.2 RESEARCH CHALLENGES
Climate change is affecting ecosystems worldwide. Much emphasis has been placed on
polar regions, particularly in light of the fact that the Arctic is warming twice as fast than the
global average (Cohen et al., 2014). Nevertheless, tropical forests have also been substantially
impacted by global environmental change, and research in Indonesia is of urgent concern. As one
of the world’s largest terrestrial carbon sinks (Sullivan et al., 2017), there is a pressing need to
understand how these changing landscapes are responding to environmental fluctuations, which
landscapes are more vulnerable to these changes, and the implications of shifting patterns and
processes within these landscapes. Much of the research currently being conducted in this region
is highly dependent on satellite remote sensing, which inherently has its shortcomings in tropical
habitats, including resolution (Al-Wassai and Kalyankar 2013) and cloud cover (Sano et al.,
2007). Also, the challenges of conducting research for Indonesian researchers are arduous.
Research and development activities in Indonesia are mainly funded by the government,
however, research as a priority is low for the Indonesian government, which allocates a very
small budget for research (0.08% of GDP) (Moeliodihardjo et al., 2012). Also, in recent years,

13

Indonesian research endeavors have been focused on a demand-driven approach to create more
relevant and affordable technologies (Lakitan, 2013), thus, creating a reliance on international
collaborations and funding. Nonetheless, there is an urgent need to deploy sustainable, affordable
technologies in these systems to better evaluate and understand these highly complex and
potentially vulnerable landscapes.
1.3 GOALS AND OBJECTIVES
This dissertation addresses the following overarching question:
“Is digital repeat photography a practical technology to assess and monitor tropical landscapes
in Indonesia in response to changes in weather patterns?”
In doing so, we specifically aim to:
1. Understand the phenological dynamics among an array of Indonesian landscapes and
species in response to changes in weather, especially extreme events, as revealed through
phenocam greening measures.
2. Determine the relationship between satellite derived vegetation indices and groundbased greening indices, or lack thereof.
3. Establish the role digital repeat photography can play in assessing mangrove
phenological dynamics, growth and expansion.
1.4 STUDY AREAS
This research endeavor was a part of a larger project funded by the USAID. The project
focused on the development of a university partnership between The University of Texas at El
Paso (UTEP), Universitas Mulawarman (UNMUL), and a conservation organization, Rare, and
encompassed four research teams. Each research team, which consisted of faculty members,
students, and practitioners from each partner organization, worked to develop mutually
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beneficial approaches to research and teaching that maximized conservation efforts and
development impact. Among the four research teams was that of biological conservation, which
this dissertation research was a part of.
In an effort to represent most of the major tropical forest land cover types found in
Indonesia, this study includes a variety of landscapes. Such study areas range from those that are
highly impacted by human activity and those that are in a relatively natural state due to their
restricted, isolated locality. Study sites were chosen on some basic logistical criteria, which
included: accessibility, site familiarity by local collaborators, permitting, and camera mounting
ability. Local collaborators consisted of faculty and students from the Universitas Mulawarman,
Samarinda whose expertise and assistance were engaged at sites located in East Kalimantan.
Individuals from the Rare Conservation organization were the primary local collaborators for
Karimunjawa National Park. Sites were deemed accessible if they could be reached and required
field work done within a day’s time, and/or the area already served as a research site for one of
the collaborators. Since our local Indonesian partners are more knowledgeable in regards to the
local landscape and land cover types, sites recommended by these individuals were taken into
account, and chosen based on their understanding and expertise. Sites were also established
based on the need of permits and/or the limits of the permits we possessed (under Dr. Stacey
Sowards, Principal Investigator for the USAID grant). Lastly, sites were selected based on the
availability of sufficient camera mounting structures, i.e. towers, shelters, fencing, etc. Seven
landscapes were established as sites and are described below. Geographic coordinates and
representative images of the sites are located in Chapter 2, and maps of the study areas are found
in the Appendix (Fig. 16 and Fig. 17).
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1.4.1 Karimunjawa, Java
1.4.1.1 Balai Taman Nasional Karimunjawa (BTNKJ) (Karimunjawa National Park)
Karimunjawa is an archipelago of 27 islands in the Java Sea, approximately 90km
northwest of Jepara, Java. The main and largest island, Palau Karimun Jawa (2,700 hectares
(ha)), is inhabited by about 5000 people, mostly of Javanese descent. In 1986 22 islands of
Karimunjawa were declared a Marine Nature Reserve and later established as a National Park
known as Balai Taman Nasional Karimunjawa (BTNKJ) (Karimunjawa National Park) by
Minister of Forestry in 1999; it covers a total area of 111,625 ha (Directorate General of Forest
Protection and Nature Conservation, 2012). The main island consists of varying habitats
including mangrove forest, coastal forest and low land tropical rain forest. Within the mangrove
forest there are at least 45 species of mangrove (27 true mangroves and 18 mangrove associates),
according to a Karimunjawa National Park Office report (BTNKJ, 2011). The coastal forest
vegetation is characterized by the presence of ketapang (Terminalia catappa), sea pines
(Pandanus spp.), coconut (Cocos nucifera), and teak (Tectona grandis). In the lowland tropical
rain forest, it is estimated that at least 160 species of flora can be found (Directorate General of
Forest Protection and Nature Conservation TNKJ, 2009). Lowland tropical rain forest on the
island is a secondary forest that is characterized by the presence of pioneer species such as
Medang Wangi (Cryptocarya tementosa) and residual plants from forest fires that occurred in the
1950-1960s (Nababan, 2010). According to the results of a floral survey conducted by the
Lembaga Ilmu Pengetahuan Indonesia (Indonesian Institute of Sciences) or LIPI in 2003, 124
species and 5 genera of flora were found within the lowland tropical rainforest on Karimunjawa
(Djarwaningsih, 2003).

16

Mangrove habitats can be found on several of the islands comprising BTNKJ. The largest
of which is found on the island of Karimun Jawa covering an area of 10.5 km2. In an effort to
boost ecotourism, a mangrove forest trekking park was established. A boardwalk meandering
1.3 km through the mangrove forest was built in 2011 and recently updated with an observation
tower. The park is managed by BTNKJ and maintained by local park rangers. According to an
ecological site description conducted for this study, this mangrove forest entails a typical
stratification of species. Specifically, larger mangrove species like Xylocarpus moluccensis are
found in elevated, inland areas of the mangrove, while dense clusters of Scyphiphora
hydrophyllacea and Excoecaria agallocha can be found in the marine intertidal zone. Trees from
the Rhizophora genus dominate this particular mangrove with Rhizophora apiculata being the
most dominant species, thus the principal species of interest for this study. The digital camera
was mounted in the outermost, seaward portion of the mangrove forest, atop of the boardwalk
gazebo, and faces inland. The field of view therefore captured an inland view of the mangrove
and lowland forest.
The climate in Karimunjawa is tropical (Koeppen classification: Am) accompanied by a
rainy (monsoon) season occurring from October through April (monthly average of 300 mm of
rain), and a shorter dry season from May to September. The average monthly temperature is
between 28° and 30 °C.
1.4.2 East Kalimantan, Borneo
Sites within East Kalimantan encompass a variety of habitats ranging from some primary
forest patches, to urban sites, to plantations. East Kalimantan covers an area of 20.9 million ha.
In 2001, it had 12.6 Mha of primary forest, extending over 64% of its land area, and in 2018, it
lost 76.9 kha of primary forest, according to Global Forest Watch (2020). All sites have a
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tropical rainforest climate accompanied by dry and rainy seasons, with the heaviest rains (the
rainy season) typically occurring November to April (Guhardja et al., 2000). Average yearly
precipitation is 2200mm. Rain trends are known to be related to pronounced El Niño Southern
Oscillation (ENSO) events (Siegert et al., 2001, Fuller et al., 2004, Dennis and Colfer, 2006),
which usually result in severe drought periods, i.e. the 1997-1998 El Niño that resulted in
widespread fires. Yearly mean air temperatures for the region average around 29.9°C for daily
maxima and 21.4°C for daily minima. Relative humidity is 93.2% for daily maxima and 58.5%
for daily minima (Guhardja et al., 2000). In 2019, it was announced by Indonesia’s president that
the capital of Indonesia, which is located in Jakarta, Java, would be relocated in East
Kalimantan. The capital is planned to be constructed partly in the Penajam North Paser Regency
and partly in the Kutai Kartanegara Regency (between the cities of Balikpapan and Samarinda).
Though the government has emphasized that the construction will attempt to have little
environmental impact, thousands of hectares of land will be cleared and an estimated 1.5 million
governmental employees will translocate to the new capital, doubling the current population of
the area (800,000 and 550, 000 for Samarinda and Balikpapan, respectively). The forest habitats
within this planned location will be altered including our study sites of Bukit Bangkirai and
Bukit Soeharto.
1.4.2.1 Bukit Bangkirai
Located 58 km north from the city of Balikpapan and in the Samboja District, Bukit
Bangkarai is a protected conservation forest that covers 1,500 ha. Comprised as a secondary
forest with primary patches, the forest edge appeals to general public as it serves as an
ecotourism destination. Trails through the forest are accessible, as well a suspension bridge
connected by five canopy trees approximately 30 m from the ground, with a total length of 64 m.

18

Like many of the other forested areas in East Kalimantan, Bukit Bangkarai is dominated by
Dipterocarpaceae species, as well as the towering iron wood trees (Eusideroxylon zwageri).
Many of the trees are over 150 years old; some with a height of 40 to 50 m. Bukit Bangkirai was
impacted by the severe 1997-98 El Niño Southern Oscillation (ENSO) event when fires affected
about 20% of the forest with varying degree throughout (Simbolon, 2003). However, about 500
ha of old growth forest were unaffected by the fires (Slik et al., 2006). These patches still remain,
but have been disturbed by illegal logging in the years following the fires. The exact amount of
disturbed area and size of current old growth patches are unknown. Three digital cameras were
mounted atop the canopy bridge. Two of the cameras faced down towards the canopy and
beyond the forest edge, giving a landscape view of the forest. The third camera was mounted to
focus on a small community of trees within the canopy bridge area.
1.4.2.2 Bukit Soeharto
Bukit Soeharto Education Forest, (BSEF) is located 60 km from Samarinda and 55 km
from Balikpapan. Bukit Soeharto is 60,000 ha of conservation and education forest managed by
the Universitas Mulawarman. Dipterocarpaceae species dominate this forest, however, since the
1970’s the primary native species have been heavily cut and replaced by fast growing,
economically valuable tree species, i.e. Gahuro (Aquilaria malaccensis) (agarwood). The forest
has suffered two exceptionally catastrophic events as a result of pronounced ENSO events.
Prolonged and severe drought from June 1982 to April 1983 caused massive drought damage and
drought-linked fire that affected approximately 3.5 million ha of rainforest in East Kalimantan
(Siscawati, 1998). Then, another prominent ENSO event (1997-98) induced exceptional drought
resulting in the burning of about 5.2 million ha on the island of Borneo, including 2.6 million ha
of forest land cover (Siegert et al., 2001). The impact of the fires varies throughout Bukit
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Soeharto, much of which is characterized as severely impacted by the presence of pioneer
species such as Macaranga spp. The regeneration traits within some of these impacted locations
have been since monitored by faculty of UNMUL. Digital cameras used to assess this forest were
set up on top of a 30 m observation tower. Two cameras were mounted facing down towards the
canopy, looking out towards the horizon giving a broad landscape view of the forest. One camera
was mounted towards a plot that was previously studied by UNMUL researchers as “highly”
impacted by forest fires, while the other was mounted towards a plot regarded as “moderately”
impacted.
1.4.2.3 Kebun Raya UNMUL Samarinda
Kebun Raya consists of approximately 300 ha of young secondary forest maintained by
the University Mulawarman. A broad family of Dipterocarpaceae species dominates vegetation
within the park. Vegetation has decreased due to forest fires in 1982/1983, 1992/1993 and
1997/1998 (Guhardja et al., 2000). Kebun Raya Samarinda consists of three zones: an area of
recreation facilities, a botanical garden and conservation site at the rear of the park. The
conservation forest was the focus of our research; therefore, the digital camera was placed
towards the back boundary of the forest within an open gap that provided a large, landscape view
of the forest. This site did not have a mounting apparatus, such as a tower; therefore the camera
was mounted on the trunk remnants of an old, felled tree. The camera was mounted about 2 m
from the floor, therefore gives a mostly oblique view of the forest. Since this site serves as an
education facility for locals and tourists, a variety of tree species were artificially planted
throughout the conservation forest to include native, non-native and rare, but particularly those
of the fruit bearing variety in the Moraceae family, i.e. Ficus spp. Because there are no physical
boundaries that protect the park, it has been impacted by illegal logging, encroachment by local
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community members, and coal mining. Currently, a coal mining concession runs adjacent to the
back outer perimeter of the park. Runoff from the concession can be noticed in a small stream
that runs through the park. There have not been any studies analyzing the effects of such
degradation.
1.4.2.4 Universitas Mulawarman (UNMUL) (Mulawarman University)
The Universitas Mulawarman is located in the city of Samarinda, capital of province of
East Kalimantan on the island of Borneo. With a population of over 730,000 people, Samarinda
is the most populous city in East Kalimantan. The Universitas Mulwarman (UNMUL) was
established in 1962 and serves a student population of about 35,000. The university is divided
into four campuses, which all, for the most part, lay in the center of the city. The landscape is
highly urbanized and developed with both residential and commercial buildings, with fragments
of both native and non-native tree species, majority of which were artificially planted. The
camera was mounted on top of one of the Faculty of Forestry buildings overlooking an area
dominated by largely planted exotics.
1.4.2.5 Palm oil plantation
The palm oil plantation is located in Muara Bengkal, approximately 170 km northwest of
Samarinda. The plantation covers 15,690 hectares is comprised of Elaesis guineensis palm
species. The oil palm was planted in 2009 and approximately 4 years old when phenocams were
placed. Harvesting is done every week, and trees within this plantation will remain until they are
about 25 years old, at which point new trees will be replanted. Villages are found near the
plantation, and the plantation itself is bordered by an acacia forest plantation. A small forested
area (approximately 30 – 100 ha) near the plantation is designated for conservation and the palm

21

oil company does not clear land from that area. The camera was mounted on top of a
telecommunication pole and gives a landscape view of most the palm oil plantation.
1.4.2.6 Eucalyptus plantation
The eucalyptus plantation is located in Sebulu, approximately 80 km northwest of
Samarinda. The plantation covers 156,400 ha and includes plots for Eucalyptus pellita, Acacia
mangium and Acacia crassicarpa. The digital camera was mounted within one of the Eucalyptus
trees located at higher ground, thus giving a landscape view of the Eucalyptus plantation. The
Eucalyptus trees within the view of the camera were planted in 2009. Harvesting within the
plantation is done every 6 years, and rotated among plots. New trees are planted once harvesting
is done. Along the borders of the plantation are several small villages and a palm oil plantation.
There are small patches of forest (approximately 5-20 ha) in this plantation site for small water
catchment, and a conservation forest area called Birawa Conservation Forest approximately
1,500 ha.
1.5 STRUCTURE OF THIS DISSERTATION
This dissertation is composed of five chapters, three of which (chapters 2-4) describe the
research undertaken. A brief description and publication intention of each dissertation chapter is
given in Table 1. The author of this dissertation (Jennifer C. Ramos-Chavez) is the lead author of
each chapter presented in this document.
Table 1. Publication status of the chapters presented in this study
Chapter Title and planned publications
1
Introduction
J. C. Ramos-Chavez
No submission intended
2

The utilization of ground-based phenocams to assess phenological response
to El Niño induced environmental changes within tropical forests
Authorship: J. C. Ramos-Chavez, C.E. Tweedie, Y. Rayadin, S. Sowards, A.
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Sugihono, V. L. Lougheed
Target Journal: Biotropica
Estimated date of submission: May 2020
3

Comparing ground-based phenocam and MODIS vegetation indices for
assessing tropical landscape phenology
Authorship: J. C. Ramos-Chavez, C. E. Tweedie, V. L. Lougheed
No submission intended

4

Exploring the use of digital repeat photography to monitor phenological cues
and growing among Rhizophora apiculata mangrove trees in a protected
mangrove forest
Authorship: J. C. Ramos-Chavez, S. Sowards, Y. Syaifudin, C. E. Tweedie, V. L.
Lougheed
Target Journal: Estuarine, Coastal and Shelf Science
Estimated date of submission: May 2020

5

General Discussion
J. C. Ramos-Chavez
No submission intended
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Chapter 2: The utilization of ground-based phenocams to assess phenological response to
El Niño induced environmental changes within tropical forests
2.1 ABSTRACT
Digital repeat photography, referred to as a phenocam in the application of phenological
studies, is a highly effective and advantageous tool for assessing and monitoring vegetation. This
study explores the use of phenocams in tropical landscapes to convey canopy greening using
greening indices derived from red, green, blue (RGB) color channels from phenocam imagery.
The green excess index (GEI) and the green chromatic coordinate (GCC) were utilized to
determine the effectiveness of revealing greening dynamics in response to changes in
temperature and precipitation, specifically to El Niño Southern Oscillation (ENSO) events. Six
landscapes were established as research sites, but due to data gaps and technical issues, three
landscapes were monitored largely continuously over three years, which included Non-ENSO,
Weak ENSO, and Very Strong ENSO years. Though the GCC was found to elucidate landscape
greening trends better than the GEI, there was a lag response in vegetation greening to changes
in temperature and precipitation. The lag response, which was 14-21 days (site dependent) was
advanced to zero days in response to the strongest ENSO event. Also, the GCC was significantly
decreased in response to warmer temperature and decreased precipitation brought by each ENSO
occurrence. We found that the wetter, less warm landscape (a secondary forest with primary
patches) had the most variable greening as a result of the ENSO events. To understand and
explore species level drivers in greening, we compared greening trends to environmental
variables among common, dominant species within each site where data was available. Through
this we were able to identify key species that may be propelling landscape greening dynamics at
study sites. This study provides evidence that the GCC monitored using an inexpensive,
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automated camera system is an effective method to monitor phenology responses to climate in
real time in tropical forest landscapes.
2.2 INTRODUCTION
Tropical landscapes worldwide have undergone drastic alterations within the last half
century. Indonesia contains the world’s third largest tropical forest coverage following the
Amazon and Congo Basin regions. Yet, Indonesia had the highest rates of primary natural forest
loss in the tropics, annually between 2001 and 2016 (Hansen et al., 2013, Margono et al., 2014,
Gaveau et al., 2016). With an expanding population and globally linked trade demands, forest
loss has been chiefly driven by commodity production (fiber, palm oil), forestry, agriculture,
wildfire, and urbanization (Abood et al., 2014, Austin et al., 2017, Curtis et al., 2018), with a
vast majority of land conversion on the island of Borneo dedicated to palm oil concessions
(Gaveau et al., 2016). Additionally, land use and land cover change is a significant driver of
climate change, and these changes in climate, temperature and precipitation, for example, may
feedback to further impact land cover (Pielke, 2005).
Indonesia has the ability to play a significant role in climate change mitigation through
the conservation of these ecosystems (Sandilyan and Kathiresan, 2012, Murdiyarso et al., 2015).
Along with conservation, there needs to be an understanding of how these different landscapes
behave and respond to changes in the environment. Most tropical regions don’t experience
extreme seasonal variations; Indonesia is typically warm and moist year round with pronounced
increase in rainfall during the wet season which usually peaks in January and a notable reduction
in rainfall during the dry season that peaks August – September, contingent on the locality.
Rainfall is strongly associated with sea surface temperatures and El Niño Southern Oscillation
(ENSO) (Hendon, 2003). As such, regions within Indonesia typically experience drought
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conditions during El Niño (Mori, 2000, Pan et al., 2018) and higher temperatures than nonENSO years (King et al., 2016). With the frequency and intensity of ENSO events predicated to
increase (Cai et al., 2014), landscapes within this region will continue to be vulnerable to
prolonged droughts or fires, for example. Understanding how these landscapes respond can give
better insight on and aid in developing models on how landscapes will be impacted and respond
to future events.
Phenology is the timing of changes in plant life cycles such as budburst, flowering or
leafing. These phenophases are directly affected by environmental variables, e.g. temperature,
rainfall, and light. Climate is one of the dominant drivers for vegetative growth and senescence
and as a consequence, changes in climate may produce changes in vegetation phenophases. The
timing of phenological events among many plant species has shifted as a direct result of global
changes in temperature and rainfall (Cleland et al., 2007, Zhang et al., 2018, Raffertyet al.,
2020). Alterations in timing of plant phenology in many ecosystems worldwide are some of the
most compelling evidence of global environmental and climatic change (Reich, 1995, Cleland et
al., 2007, Sherry et al., 2007). As severe weather events are predicted to increase in both
frequency and intensity, there could be serious consequences for terrestrial ecosystems. ENSO
episodes affect phenology in a variety of ways. For example, in desert systems, researchers
observed a significantly later end of growing season due to increased moisture availability
associated with ENSO events (Dannenberg et al., 2015), whereas peak litterfall was advanced
in response to

decreased rainfall caused by ENSO episodes in subtropical forests

(Kaewthongrach and Chidthaisong, 2017). To our knowledge, response of tropical rainforests to
ENSO events has been poorly studied.
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The use of satellite remote sensing of ecosystem production has steadily increased in
recent years. Remote sensing imagery to measure land surface processes allows for quantifying
vegetation across multiple spatial and temporal scales, and has become especially useful in
studying the effects of climate variability and trends on vegetation (Kramer et al., 2000, Brown
et al., 2012, McDowell et al., 2015). The use of satellite-derived phenology indices like the
normalized difference vegetation index (NDVI) and the enhanced vegetation index (EVI) have
been widely used to understand phenological dynamics at large spatial scales (Hufkens et al.,
2012, Sonnentag et al., 2012, El-Vilaly et al., 2018). However, satellites are less able to decipher
changes and pheno-cues at finer spatial scales. Since different species may respond to
environmental fluctuations differently, if at all, satellite-based measurements may be inadequate
in mixed communities (St. Peter et al., 2018). Thus, researchers are wedged between a resolution
trade-off (spectral versus temporal) or a combination of multiple sensor datasets and modeling,
e.g. image fusion (Borsoi et al., 2020). Additionally, although NDVI has been widely used to
decipher vegetation processes and productivity, it can reach saturation under elevated plant
biomass (Zhu and Liu, 2015, Andresen et al. 2018) resulting in inaccurate measures of
phenology. Tropical ecosystems are highly diverse and have high biomass, therefore, NDVI may
not be a practical means to evaluate vegetation phenology.
Traditionally, phenological observations have been carried out via ground-based
measurements, including species-level observations. However, the limitations inherent in this
method, including time constraints that restrict both geographic area and number of individual
organisms sampled (Richardson et al., 2009), as well as subjective inaccuracy (Menzel, 2002),
make this technique less favorable. Laskin et al. (2016) compared human-based observation
methods of phenology assessment to those captured by time-lapse photography and found that
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both means of assessment were near identical, with some caveats. According to their study, there
was a slight underestimation of development in phenology by cameras likely because of limited
image field of view of the camera setup. In contrast, when phenophases were brief, camera
imagery is able to capture events that are otherwise missed completely between field visits.
Studies have shown that this near-surface remote sensing via the use of phenocams
(repeat digital photography, time-lapse cameras and/or webcams) provides a novel and consistent
measurement of phenophases (Richardson et al., 2007, Richardson et al., 2009, Sonnentag et al.,
2012). Phenocams present a means to conduct long-term, automated and cost-effective research
to depict temporal responses in vegetation (Richardson, 2019), which is extremely valuable for
sites that are remote and have limited access. Channel intensities, specifically the green channel
from the red, green, blue triplet (RGB), is extracted from the phenocam imagery, and used to
quantify phenological changes, specifically in response to environmental variables (Richardson
et al., 2007). Phenocam technology has been utilized in a variety of ecosystems, i.e. deciduous
and coniferous forests (Richardson et al., 2009, Liang et al., 2011, Klosterman et al., 2014),
Alaskan tundra (Migliavacca et al., 2011, Julitta et al., 2014, Andresen et al., 2018), desert
ecosystems (Nagler et al., 2014, Browning et al., 2017) and have demonstrated the ability to
enhance our understanding of environmental triggers of phenological events or shifts through the
use of this tool. These study sites, however, are generally characterized with having a distinct
start of the vegetation growing season (green up) followed by an eventual senescence and
dormancy for most species within these landscapes. This provides the opportunity to quantify
exact phenophases in regards to greening. In tropical environments, however, most species are
evergreen, so this presents as a unique opportunity to test novel uses of this technology.
Additionally, because climate (precipitation and temperature) are highly linked to ENSO
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episodes in tropical regions, phenology is likely to be impacted (Granzow-de la Cerda et al.,
2012, Van Leeuwen et al., 2013).
Landscapes within Indonesia are inherently complex, e.g. highly diverse, heterogeneous,
evergreen vegetation. To date, no phenological research has been conducted in tropical settings
using phenocams, though Alberton et al., (2018) summarized the value of phenocam research in
tropical forests and the role such research can play in conservation and restoration efforts.
Therefore, this study is the first of its kind and highly advantageous for the advancement of
knowledge of these highly complex ecosystems. In this study, we explore the feasibility of using
phenocam technology to monitor vegetation phenology at the landscape and species levels. In
doing so, we evaluate the effectiveness of two vegetation indices, the green excess index (GEI)
and the green chromatic coordinate (GCC), to reveal greening patterns among a variety of
landscapes, determine which if any landscapes are more sensitive to extreme weather events, i.e.
ENSO, and assess potential dominant species as drivers for greening trends at the landscape
level.
2.3 METHODOLOGY
2.3.1 Study sites
The study was conducted at sites accessible, familiar to, and/or maintained by faculty
from Universitas Mulawarman (UNMUL), Samarinda located in the coastal area of East
Kalimantan, Borneo (Table 1). Sites included a variety of habitats ranging from some primary
forest patches, to urban sites, to plantations. All sites have a tropical rainforest climate
accompanied by dry and rainy seasons, with the heaviest rains (the rainy season) typically
occurring November to April (Guhardja et al., 2000). Average yearly precipitation is 2200mm.
Rain trends are known to be related to pronounced El Niño Southern Oscillation (ENSO) events
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(Siegert et al., 2001, Fuller et al., 2004, Dennis and Colfer, 2006), which usually result in severe
drought periods, i.e. the 1997-1998 El Niño that resulted in widespread fires. Yearly mean air
temperatures for the region average around 29.9°C for daily maxima and 21.4°C for daily
minima. Relative humidity is 93.2% for daily maxima and 58.5% for daily minima (Guhardja et
al., 2000).
Deployment of cameras at each site began as early as July 2012 and proceeded through
January 2016 at the latest (Table 2). Deployment date, end date, and weeks of data collected
depended on many factors, including accessibility, battery life, and vandalism.

The most

complete datasets exist for Bukit Bangkirai, Kebun Raya UNMUL Samarinda (Kebun Raya) and
the palm oil plantation, therefore for some analyses the other sites are excluded.
Table 2: Site information including dates of collected data. * Indicates gaps/missing data within
the dataset.
Weeks
Site
Site Type
Location
Data Range
of Data
Secondary Forest
S 01.02900
Bukit Bangkirai
with Primary
1/20/2013-12/3/2015
140*
E 116.86729
Patches
Bukit Soeharto
Secondary
S 00.86145
Education Forest
7/26/2012-3/24/2015
86*
Recovering Forest E 117.04073
of UNMUL
Kebun Raya
Secondary
S 00.45431
UNMUL
1/21/2013-12/29/2015 108*
Education Forest
E 117.21557
Samarinda
Mulawarman
S 00.472069
University
Urban landscape
1/21/2013-4/7/2015
111*
E 117.153091
(UNMUL)
Eucalyptus
S 00.117928
Plantation
2/19/2013-2/3/2015
38*
Plantation
E 117.057059
Palm Oil
N 0.332260
Plantation
9/14/2013-1/4/2016
120
Plantation
E 116.861672
2.3.2 ENSO conditions
During the course of this study (2012-2015), the study sites experienced a wide range of
environmental conditions due to El Niño Southern Oscillation (ENSO). Data were categorized
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on the basis of the occurrence of an ENSO event or lack thereof (Non-ENSO), and the strength
of the event (Weak or Very Strong) (Table 3). ENSO strength is determined by the Oceanic Niño
Index (ONI), which is the standard that NOAA uses for identifying El Niño (warm) and La Niña
(cool) events in the tropical Pacific. The threshold is broken down into Weak (with a 0.5 to 0.9
SST (sea surface temperature) anomaly), Moderate (1.0 to 1.4), Strong (1.5 to 1.9) and Very
Strong (≥ 2.0) events. Years 2012-13 and 2013-14 were considered ‘normal’ or Non-ENSO
weather conditions (Table 3). The 2014-15 El Niño (Weak ENSO) resulted in a late appearance
of the rainy season at the end of 2014 (causing a prolonged dry season). However, rains lasted
almost 4 weeks longer and were atypically heavy later in the season, which caused massive
flooding in areas. The 2015-16 El Niño occurrence has been categorized as one of the three
strongest El Niño events since 1950 (L’Heureux et al., 2017). Initiated in June 2015, reaching its
peak in January 2016 and dragging out through June, the 2015-16 ENSO resulted in extreme
drought throughout the study area.
Table 3: Classification of ENSO episodes affecting monitored sites during the course of this
study. Study years are categorized according to NOAA’s Oceanic Niño Index
(ONI) (NOAA CPCIT, 2020). ONI SST anomaly for each ENSO period is shown
in parenthesis. *Data availability varies by site as site establishment times differ
and gaps within datasets exist.
Logged Data
ENSO Timeframe
Timeframe
ONI
Abbrev.
N/A
Jun 2012- Aug 2014* Non (0.0 to 0.4)
Non-ENSO
Sep 2014-May 2015 Sep 2014-May 2015* Weak (0.5 to 0.9)
Weak ENSO
Jun 2015-Jun 2016
Jun 2015-Jan 2016*
Very Strong (≥ 2.0)
Very Strong ENSO
2.3.3 Ecological site description
Field surveys were conducted at each site to acquire ecological site descriptions captured
by each mounted camera. Linear transects 100 m in length and perpendicular to the camera were
surveyed within the footprint of the phenocam at five point-quarters located at randomly selected
points (at least 20 m from previous point quarter). For each of the four trees closest to each
31

point-quarter, we identified tree species, and determined point to tree distance, tree height (using
a clinometer), and tree diameter at breast height (DBH). From this data, total density, average
tree height, species diversity, species dominance, and species importance value were calculated.
Therefore, species included in the site description are those that were recorded by point-quarter
transect, remained within the view of the Phenocam for the entirety of the study, and were shared
among sites. Such species may not be the absolute most dominant at the entire site, however. It is
also worth noting that this survey assessed plant community dominance on the ground, which
may not exactly correspond to that seen in the canopy.
2.3.4 Landscape imagery
Digital photos were obtained using Wingscapes Timelapse 8.0 (8 megapixels) digital
cameras to convey targeted landscape phenology. At each site, a camera was mounted to convey
the landscape characteristics with a minimum of 150 m X 150 m landscape coverage. Image
coverages for each camera are included in Figure 1A-F. Depending on the site and available
structures, cameras were mounted to give either a view across the canopy top, or an oblique
landscape view. Cameras were programed to take hourly images during daylight hours (6 am – 6
pm, or 9 am – 3 pm at distant site locations to allow longer battery life). Camera white balance
was fixed to “sunlight”, which greatly improves the consistency in RGB brightness values under
variable light conditions (Richardson et al., 2009).

a)

b)

c)
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d)

e)
f)
Figure 1 A-F: Camera coverage for each landscape a) Bukit Bangkirai, b) Bukit Soeharto, c)
Kebun Raya, d) UNMUL, e) Eucalyptus Plantation, and f) Palm Oil Plantation.

2.3.5 Camera calibration
Since the landscapes and manner to which the cameras were mounted differ among sites,
each camera was calibrated to a reference camera to allow for the same adjustment in whitebalance, which has the potential to convey varying results based on cloud cover, shadows, rain,
fog cover, etc. This was done using Kodak Color Separation Guide and Gray Scale (Q-13) color
cards to obtain a reference GEI and for GCC performed under the same lighting conditions and
white balance setting for all cameras as carried out by Andresen et al., 2018. The calibrated
adjustment was calculated by taking resultant GEI/GCC for each camera and subtracting it from
the reference GEI/GCC. This calibrated adjustment (in digital numbers) was applied to all
subsequent measures for each respective camera.
2.3.6 Imagery analysis - digital phenology value calculation
Spectral properties (Red, Blue, and Green (RGB) channels) of each landscape type were
compared using the image acquisition tool MatLab 7.8.0 (R2009a; The Mathworks) and
phenology software tool developed by the authors. To differentiate responses among landscapes,
a region of interest (ROI) was selected from the images, each ROI encompassed plant
communities representative of the entire site and land cover type and was normalized to Y 500,
X 700 pixels for all images.
For deciphering interspecies variability, an ROI was hand-digitized around individual
species and thus varied in size among sites and species. Four dominant tree species were selected
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for this analysis (Table 4), all four were present in the camera footprint at all non-plantation sites
(Bukit Bankgkirai, Bukit Soeharto, Kebun Raya), except for Eusideroxylon zwageri, which was
not within the camera footprint at Bukit Bangkirai. The phenological traits of the four taxa are in
Table 2. Images were batch processed to compare RBG channels within the ROI at both the
landscape and species level. These extracted values were then used to compute the greenness
excess index formulated by Richardson et al. (2007) using equation (1), and the green chromatic
coordinate (Sonnentag et al., 2012) using equation (2).
(1)

Greenness Excess Index (GEI) = 2 x (Green) – (Red+Blue)

(2)

Green Chromatic Coordinate (GCC) = Green/ (Red+Green+Blue)

Both GEI and GCC have been widely utilized to summarize and illustrate plant
phenology among an array of ecosystem types, however, GCC has been shown to be more
helpful in phenological research since it tends to be less affected by changes in scene
illumination and camera properties (Sonnentag et al., 2012). Preliminary analysis using both the
GEI and GCC on our images showed that standard deviations (SD) for weekly average GCC
values tended to be much lower than those for the GEI, particularly during the rainy season when
environmental factors, such as rain and clouds, affected the images. The GCC inherently
accounts for such differences in illumination, therefore providing better-defined and less variable
measures of greening. As such, subsequent analysis and statistics for this study employed the
GCC metric.
Although cameras were set to capture hourly images, not all were deemed acceptable.
Images that captured low or intense light, for example, were excluded from the analysis. In order
to determine unusable data, as images were batch processed, a secondary examination of the
extracted metrics was employed using a threshold on values for RGB digital numbers. The
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threshold differed for each site as each camera differed in set up and optical
properties/influences. Thresholds were determined via cluster analysis by categorizing a training
set of images as influenced by fog, rain, cloud cover, high reflectance, etc., and then discarding
values beyond the mean range. Filtering and excluding metrics that are beyond the threshold
values ensures environmental variables do not influence the overall measures of greenness, and
thus provide less variability in day to day measures of greening.
Table 4: Phenological traits of shared species among sites used for interspecies variability
analysis.
Species
Life Type
Phenological Characteristics
Fast growing, pioneer species; large, tri-lobed
Macaranga gigantea
Sub-canopy
leaves
Tall, deciduous tree; vigorous leaf growth
Shorea laevis
Emergent
associated with major rains
Tropical fig; flowers asynchronously; evergreen
Ficus variegata
Canopy
when young but briefly deciduous with age
Tall, slow-growing, evergreen; tolerant to drought
Eusideroxylon zwageri Upper Canopy and fire
2.3.7 Climate data
When possible, HOBO pendant temperature data loggers were mounted within a
radiation shield adjacent to time-lapse cameras. Although loggers were not mounted at all sites,
the sites to which loggers were set up are representative of other such sites that did not receive a
logger. For example, the logger that was mounted at Bukit Suharto is representative of all sites
within Samarinda. Sites at which a HOBO logger was mounted include: Bukit Bangkarai
(Balikpapan), Bukit Suharto (Samarinda), and palm oil plantation (Muara Bengkal, East Kutai).
To confirm that data is in fact representative of other such sites, temperature and precipitation
data was also gathered from weather stations operated by the World Meteorological Organization
(WMO) within regions of the site locality, and gaps within datasets were filled using data
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provided by the Badan Meteorologi Klimatologi dan Geofisika (BMKG) (Meteorology
Climatology and Geophysics Council) of Indonesia (Table 5).
Table 5: Weather stations and database used for climate data.
USAF
ID
WBAN ID
966070
930826WMO
966330
960430WMO
968390
930408WMO
BMKG - archives

Station Name
Samarinda/Temindung
Balikpapan/Sepingga
Semarang/Ahmad Yani
Muara Bengkal

Country
Indonesia
Indonesia
Indonesia
Indonesia

Period of Record
1979/06 to present
1947/11 to present
1949/01 to present
1986/01 to present

2.3.8 Statistical analysis
Hourly calibrated GCC metrics were summarized by day and averaged by week. Weekly
GEI and GCC averages were used for all subsequent analyses; however, GEI analyses are not
shown, as described previously.
Because vegetation responses to climate are often delayed, correlating day to day
greenness measures to respective daily weather data is counterintuitive. Vegetation response time
can vary among species and environments (Richardson et al., 2013, Cleland et al., 2007, Hansen
et al., 2001). To identify the response lag times of both landscapes and individual species to
environmental conditions, correlations between the GCC and environmental variables
(temperature and precipitation) were carried out by shifting the GCC metrics every seven days;
thus producing correlations with lag times at seven, 14, 21, 35, 42, and 49 days. Pearson’s
correlation coefficients (r) and significance (p-value) were extremely low and weak for lag times
greater than 42 days, thus were not considered for further examination. Time lag correlations
were carried out on each data set in its entirety, and then again at specific time frames at which
El Niño conditions were present. Time lags with the greatest correlation (r) and significance (pvalue for both variables (temperature and precipitation) were selected as the lag time for each
landscape.
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In order to compare variability and responses across sites, we calculated and present all
the GCC time series data compared to the overall mean GCC observed at each site. Landscapes
with values that tend to frequently stray away from the mean and have a greater distance from
the mean are thus deemed are more variable and perhaps more sensitive to changes in
environmental fluctuations. To identify drivers of GCC at all sites, we create multiple regression
models relating GCC to temperature, precipitation and ENSO years. The strongest model was
identified using stepwise regression, with a forward selection procedure; the best model was
selected based on the lowest Bayesian Information Criterion (BIC) (JMP version 11.0). Dummy
variables were used to distinguish Weak and Strong ENSO years from the Non-ENSO years.
2.4 RESULTS
2.4.1 Site species dominance
Bukit Bangkirai, a protected conservation forest that covers 1,500 ha, was dominated by
Dipterocarpaceae species, as well as the towering iron wood trees (Eusideroxylon zwageri).
Bangkarai (Shorea) trees were most abundant, and point quarter transects found Shorea laevis to
have the highest relative dominance (19.75%) among all Shorea species (46.01%) (Fig. 2). The
secondary conservation forest at Kebun Raya contained an array of native (Shorea spp.), nonnative (Leucaena leucocephala), rare and pioneer (Macaranga spp.) species. Since this site
serves as an education facility for locals and tourists, a variety of tree species were artificially
planted, particularly those of the fruit bearing variety in the Moraceae family, i.e. Ficus spp.
According to point-quarter transects conducted at this site, Ficus variegata was the most
dominant Ficus species sampled (relative dominance of 14.04%). The palm oil (Elaesis
guineensis) monoculture was planted in 2009 and approximately 4 years old when phenocams
were placed.
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Figure 2: Species abundances from point quarter transect surveys conducted at each site.
Dominant species within the view of each phenocam are included.
2.4.2 ENSO trends at study sites
Only three sites had sufficient data to compare among Non, Weak, and Very Strong
ENSO years (Table 6). Across these sites, the Very Strong ENSO event resulted in significantly
higher than average temperatures (from 0.4 to 2.3°C higher), and lower average precipitation (28
to 25mm lower). The number of rainy days during the Very Strong ENSO was 56 to 60% that
observed in Non-ENSO years. There was no effect of the weak ENSO at Bukit Bangkirai;
however, temperature and precipitation were significantly affected at Kebun Raya and the palm
oil plantation, with values intermediate to those from Non-ENSO and Very Strong ENSO years.
Table 6: Weekly average temperature (°C) and precipitation (mm) data partitioned by ENSO
occurrences (or lack thereof) for the 3 study sites. Superscript indicates significant
differences (ANOVA, Tukey HSD, p<0.05) among years for each site.
Non-ENSO
Site
Bukit
Bangkirai
Kebun
Raya
Palm Oil

Weak ENSO

Very Strong ENSO

Avg
Temp

Avg
Precip

Number of
Rainy Days

Avg
Temp

Avg
Precip

Number of
Rainy Days

Avg
Temp

Avg
Precip

Number of
Rainy Days

26.09a

55.51a

122

26.1a

53.17a

107

26.51b

20.17b

69

28.75a

44.90a

90

29.13a

39.0b

102

29.71b

15.28c

53

30.66a

46.53a

97

31.11b

30.1b

85

33.0c

18.58c

59
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2.4.3 Landscape phenology dynamics
GCC metrics were compared to help understand which, if any, sites tend to be more
variable/sensitive to changes in climate. Since each phenocam captures a varying degree of RGB
channel intensities (as a result of camera location, setup, and physical and environmental
factors), measures among sites cannot be directly compared. Therefore, all data were plotted
relative to the average conditions for each site (phenocam) (Fig. 3 A-C).
Across all sites, as temperatures rose and precipitation fell, and the severity of the ENSO
event increased, mean GCC measures dropped (Fig. 3). In other words, the GCC was highest in
Non-ENSO years and lowest in Very Strong ENSO years. During the Non-ENSO years, the
range of GCC values across all sites was relatively low (0.032 ± 0.010 (SD)), with a significantly
higher range observed during the warmer and drier Very Strong ENSO period (0.073 ± 0.018
(SD); ANOVA, Tukey HSD, p=0.0098) and the Weak ENSO range intermediate between them
(0.056 ± 0.017 (SD)); however, the extent of this difference varied among sites. The greatest
difference in ranges between Non and Very Strong ENSO years was observed at Bukit Bangkirai
(mean difference = 0.075), with Kebun Raya and the palm oil plantation substantially less (0.018
and 0.028, respectively) (Table 7). In other words, the range of GCC values observed at Kebun
Raya and the palm oil plantation were similar among years, whereas Bukit Bangkirai had
substantially greater GCC range in Very Strong ENSO years as compared to other year types.
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Figures 3 A-C: Comparison of GCC values as compared to the overall site mean for each of the
three sites for to which data was captured during ENSO events. The overall site
mean is represented at 0 (yellow). Non-ENSO months are delineated in black,
Weak ENSO months in blue and Very Strong ENSO months in red. Missing data
are shown via gaps within the graphs.
Table 7: The GCC ranges for all sites for the Non-ENSO period, the Weak ENSO period and the
Very Strong ENSO period. *Indicates insufficient data (<50% of dates).
GCC Range
GCC Range
GCC Range
Site
Non-ENSO
Weak ENSO
Very Strong ENSO
Bukit
0.0185
0.0802
0.0938
Bangkirai
Bukit Soeharto 0.0255

0.00607*

N/A

Kebun Raya

0.0414

0.0467

0.0596

Palm Oil

0.0392

0.0436

0.0667

UNMUL

0.0373

0.0555

N/A

Average ± SD

0.032 ± 0.010

0.056 ± 0.017

0.073 ± 0.018

40

2.4.4 Time lag
Time lag correlations relating weekly GCC metrics to both temperature and precipitation
data on 0-35 day lags indicate that response times were dependent on ENSO events (Table 8).
During a Non-ENSO year, the strongest correlations at all sites had a landscape lag time of 14
days with the exception of UNMUL (urban landscape), with a lag time of 21 days. In other
words, the strongest correlation between GCC and both temperature and precipitation occurred
with GCC delayed by 14 days relative to the environmental data. However, during the Weak
ENSO of 2014/15, lag times were advanced by seven days at all sites (where data was available).
When a Very Strong ENSO event occurred during 2015/16, lag times were further advanced by
another seven days at all sites, with no lag time apparent in the response of GCC to climate.
Table 8: Time lags for each site indicated by Pearson Correlations of the GCC and both
temperature and precipitation (Bonferroni corrected p < 0.02) for each El Niño
event during the course of the study. *Designate sites where data was insufficient or
not available.
Non-ENSO
Weak ENSO
Very Strong
Site
2013/14
2014/15
ENSO 2015/16
Bukit Bangkirai
Bukit Soeharto
Eucalyptus
Kebun Raya
Palm Oil
UNMUL

Lag (days)
14
14
*
14
14
21

7
*
*
7
7
14

0
*
*
0
0
*

2.4.5 ENSO effects on landscape phenology
Using the strongest lag times, as identified using the correlations (above), we created
multiple regressions to describe the strongest drivers of GCC at each site (Table 9). At the
natural forest sites (Bukit Bangkirai and Kebun Raya), temperature and precipitation and the
difference between normal years and both Weak and Very Strong ENSO years were primary
drivers of GCC (R2 = 0.62, p<0.0001 and R2 = 0.61, p<0.0001, respectively) (Table 9). At the
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palm oil plantation, temperature appears to be less important as precipitation and the effect of
ENSO years were drivers of GCC (R2 = 0.69, p<0.0001) (Table 9).
Table 9: Multiple regression summaries comparing GCC, environmental variables (temperature
and precipitation) and ENSO year type (as compared to normal years).
Site
Bukit
Bangkirai

Multiple Regression
GCC = 0.96 - 0.19 Temp + 0.0003 Precip + 0.005 Weak + 0.011
Strong

Kebun Raya

GCC = 0.51 -0.005 * Temp + 0.0002 * Precip + 0.004 Weak +
0.003 * Strong

Palm Oil
Plantation

GCC = 0.42 + 0.0002 * Precip + 0.007* Weak + 0.012 * Strong

R2 = 0.62,

p<0.0001
2
R = 0.61,
p<0.0001
2
R = 0.69,
p<0.0001

2.4.6 Greening patterns driven at the species level
In the forest of Bukit Bangkirai, Shorea laevis had the greatest relative dominance of all
other analyzed species (19.75%) and had the highest importance value (82.6). Greening patterns
of Shorea laevis tended to reflect those at the landscape level, with the greatest landscape
synchrony (r) (r = 0.87) (Table 10) compared to other dominant tree species (r = 0.66 - 0.74).
Similarly, when the dataset was split among ENSO years, lag times for Shorea laevis during
each of the ENSO events corresponded to those at the landscape level (Tables 8 and 10). While
Ficus variegata also has a similar lag time, it had substantially lower relative dominance (8.6) in
the landscape, especially when we consider the relative dominance of all Shorea species
combined (Table 10). Multiple regressions showed that among the dominant taxa, the Shorea
laevis regression model was most analogous to the Bukit Bangkirai landscape regression model.
GCC for Shorea laevis, like landscape greening, was primarily driven by temperature and
precipitation and the difference of the Weak and Very Strong ENSO years from normal years (R2
= 0.55, p<0.0001) (Table 11). This suggests that landscape greening response to changes in
temperature and precipitation were driven by Shorea laevis.
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Conversely, Ficus spp. was the dominant genus at Kebun Raya; Ficus variegata were
particularly abundant and dominant (Fig. 2). Ficus variegata and landscape greening share a
strong level of synchrony (r = 0.91) (Table 10), while other taxa showed a less strong
relationship with landscape greening (0.8 - 0.83 for Macaranga gigantea and Shorea laevis,
respectively). Thus, this species may be driving greening trends captured at the landscape level.
Also, lag time responses of Ficus variegata tended to match those evaluated at the landscape
level (Tables 8 and 10). Multiple regressions comparing temperature, precipitation and ENSO
year types revealed that the Ficus variegata regression model corresponded with that of the
landscape for Kebun Raya with the highest R2 among all taxa (R2 = 0.44, p<0.0001) (Table 11).
Table 10: Time lags for the dominant species at each site indicated by Pearson Correlations of
the GCC and both temperature and precipitation (Bonferroni corrected p < 0.02) for
each El Niño event during the course of the study. Grey shading indicates lag time
matches that were observed at the landscape level. Right side of table shows species
synchrony (r) (all significant p < 0.005) with landscape greening, relative
dominance (RD) of each species, and relative dominance of all species in that
respective genera.
NonENSO
2013/14

Weak
ENSO
2014/15

Very
Strong
ENSO
2015/16

Lag
(days)

Lag
(days)

Lag
(days)

Synchrony
with
Landscape
(r)

RD
of
Spp.

RD of all
species in
genera

Site

Species

Bukit
Bangkirai

Ficus variegata
Shorea laevis
Macaranga gigantea

14
14
7

7
7
7

0
0
7

0.66
0.87
0.74

8.6
19.8
5.9

10.5
46
12.3

Ficus variegata

14

7

Shorea laevis
Macaranga gigantea
Elaesis guineensis

7
7
14

7
7
7

0
0
7
0

0.91
0.83
0.8
-

14
3.4
7.4
100

46.1
9.7
14.1
N/A

Kebun
Raya
Palm Oil

Table 11: Multiple regression summaries comparing the GCC, environmental variables
(temperature and precipitation) and ENSO year type for dominant species at Bukit
Bangkirai and Kebun Raya.
Site

Species

Multiple Regression
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Bukit
Bangkirai

Kebun Raya

Ficus variegata

GCC = 2.16 – 0.06 * Temp + 0.006 *
Strong

R2 = 0.22,
p<0.0001

Shorea laevis

GCC = 1.3 - 0.03 * Temp + 0.0006* Precip
+ 0.02* Weak + 0.02 *Strong

R2 = 0.55,
p<0.0001

Macaranga gigantea

GCC = 1.2 - 0.03 * Temp + 0.0005 *Precip
+ 0.02* Weak + 0.03 *Strong

Ficus variegata

GCC = 0.42 - 0.002 * Temp + 0.00008
*Precip + 0.002 *Weak

R2 = 0.47,
p<0.0001
R2 = 0.44,
p<0.0001

Shorea laevis

GCC = 0.37 + 0.0001 * Precip + 0.004
*Weak + 0.003 *Strong

R2 = 0.34,
p<0.0001

Macaranga gigantea

GCC = 0.5 - 0.004 * Temp + 0.00008
*Precip + 0.004* Weak

R2 = 0.42,
p<0.0001

2.5 DISCUSSION
Using digital repeat photography over the course of almost 3 years, this study was able to
effectively convey canopy greening among a variety of tropical forest landscapes. The growth of
phenocam utilization worldwide has shown the usefulness of this convenient, cost-effective tool
(Browning et al., 2017, Seyednasrollah et al., 2019). Studies among a variety of ecosystems
highlight the benefits in enhancing community and landscape level understanding of
phenological process and the importance of long-term monitoring (Klosterman et al., 2014,
Browning et al., 2017, Andresen et al., 2018); however, our study represents the first use and
verification of the method in an evergreen tropical forest. As landscapes continue to transform
and be impacted by global environment change, there is a growing need to document such
changes, as it is critical for informed decision making and to reduce or offset negative outcomes.
2.5.1 ENSO effects
ENSO episodes are known to influence rainfall in Indonesia, resulting in prolonged
droughts and reductions in rainfall throughout the region during the dry season (Pan et al, 2018).
Our phenocam derived greening measure, the GCC, appeared to be an ideal metric for
quantifying canopy phenology, particularly in response to extreme climate events caused by the
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El Niño Southern Oscillation. El Niño events play an important role in determining phenology
conditions, especially in the equatorial Pacific region (Park et al., 2012) where warmer,
prolonged temperatures are produced. As a result of increased temperatures and reduced rainfall
generated by the ENSO events, the GCC fell at all sites. This was especially evident during the
Very Strong ENSO when the number of rainy days fell by at least half across all sites and
temperatures rose 0.5-3°C (depending on site), compared to Non ENSO years.
A vegetation time lag response was observed among all the landscapes. Greening showed
a time lag response of 14-21 days to temperature and rainfall, however, when temperatures were
atypically high and rains decreased during strong ENSO events the time lag response was
advanced to zero days. These synchronous forward shifts in lag times suggest that each of these
landscapes showed a faster response to environmental conditions during Very Strong ENSO
events, when water was more limiting and temperatures were often higher.
Most studies primarily focus on the impacts of the simultaneous climatic factors on
vegetation, and do not consider the time‐lag effects of climatic factors on vegetation growth and
phenology (Wu et al., 2015), when in fact responses are not normally concurrent with climate
variables. Our study highlights the necessity of incorporating time lags, particularly during times
of extreme weather events. Similar results have been reflected in other studies (Vicente‐Serrano
et al., 2012, Saatchi et al., 2013, Chen et al., 2014), thus suggesting the responsibility among
researchers to consider employing time lags into future phenology – climate studies.
Bukit Bangkirai, the study’s most coastal and “wet” site appeared to have the most
variable GCC especially during extreme temperatures and precipitation brought on by the Very
Strong ENSO. Even though, as our only site with patches of primary forest, Bukit Bangkirai
should be among the most resilient of all landscapes included in this study, (Thompson et al.,
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2009), this site appeared to be most impacted by ENSO events. These findings suggest that other
factors may be more important in promoting resilience to change than forest type. Thompson et
al. (2009) suggest that forest ecosystems may highly resilient but have low resistance to a given
disturbance, such as the atypically high temperatures and decreased rainfall in this study. It is
also suggested that most primary forests are both resilient and resistant to changes (Drever et al.
2006). However, in the case of Bukit Bangkirai, it is more secondary forest than primary,
therefore, may be less resistant to strong ENSO occurrences than the other studied landscapes.
We further suggest that microclimate of each site may be an important factor affecting resilience.
Our phenocam-derived greening index indicated that with the severity of the ENSO
event, greening was reduced. Since it is predicted that frequency and intensity of ENSO events
will increase (Cai et al. 2014), we could expect to see similar and perhaps more progressive
responses within phenology and ecological processes in these landscapes, particularly those that
are more severely influenced by changes in weather patterns. In extreme drought conditions
associated with El Niño, native Dipterocarp trees, many of which are drought tolerant, have a
higher mortality, particularly among small and young trees, than in non-drought periods
(Nakagawa et al., 2000). Consequently, this may alter the composition and functionality within
landscapes. Furthermore, gaps that are created within the canopy as result of native tree loss,
may increase light in the understory and allow pioneer Macaranga seedlings to flourish (Silk,
2004). We also saw this drop in GCC in the palm oil production; further research may be
required to examine the impact of ENSO events on this agricultural product.
The most severe cases of El Niño result in forest fires. Since the rainy season onset
comes later in El Niño years (Hamada et al., 2002), the potential for forest fires is great. This is
especially true as land clearing through the use of fires (slash and burn) is done during the dry
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season (Ketterings et al., 1999, Carmenta et al., 2017). Many of these landscapes included in this
study have been impacted in varying degree by massive forest fires that ravaged the region on
two separate occasions, 1982/83 and 1997/98. Both of these fire events were attributed to
prolonged, severe drought caused by very strong ENSO episodes. In the 1997/97 fire event, East
Kalimantan had the most extensive area of fire-affected lowland forest, about 60% of the total. It
was also the area most severely affected by the ENSO related drought (Dennis and Colfer 2006),
resulting in carbon release of 1.45 Gt (Murdiyarso and Adiningsih, 2007). During this time, there
was record air pollution and haze as a result of out of control forest and peat fires (Nichol, 1998,
Wang et al., 2004). More recently in 2019, Indonesia’s Ministry of Environment and Forestry
reported that 1.5 Mha were burned from January through October of that year (Susetyo et al.,
2020). Though the exact number is disputed, a vast majority of the burned areas consisted of
peatlands, thus, along with exceptional smog and haze, carbon emissions from Indonesia's fires
in 2019 were estimated to be almost double the emissions from the fires in the Brazilian Amazon
for 2019 (CAMS, 2020). These conditions intrinsically affect the ability to remotely monitor
haze-covered regions using satellite imagery. Phenocams, however, provide a lower, near surface
remote sensing that can fill the gap during these times when satellite imagery is unusable. The
likelihood that these conditions and fires will persist is great as El Niño conditions are predicted
to reappear (with more intensity and frequency), and continuation of detrimental practices (slash
and burn). Thus, having a reliable, consistent means of landscape monitoring, e.g. via
phenocams, can help understand how these vulnerable ecosystems behave before, during and
after catastrophic events.
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2.5.2 Species level dynamics
Long-term monitoring has shown to be the most effective means of understanding
vegetation phenology (Menzel et al., 2006, Cook et al, 2012); however, multi-year research is
lacking from many tropical landscapes largely due to lack of funding and personnel. Near
surface remote sensing through the use of digital cameras can be especially powerful in these
tropical ecosystems and has shown to be an effective way in identifying individual species for
consistent, long-term monitoring (Lisein et al., 2015, Berra et al., 2016, Browning et al., 2017).
The few studies that have incorporated phenocams in tropical landscapes compare ground-based
leaf flushing estimates (spike in the GCC) to MODIS EVI at sites within the Amazon (Lopes et
al., 2016, Gonçalves et al., 2020) and do not necessarily look at dynamics among individual
species. In this study, we assessed the greening trends for dominant species shared among the
different landscapes surveyed. In doing so, we illustrated that landscape-level greening is driven
by dominant species in the landscape.
Variation in responses among species determines community‐level patterns of phenology
(Kaiser‐Bunbury et al., 2010). Though this has been studied more in depth in northern latitudes
(Crimmins et al., 2010, Diez et al., 2012), our results indicate that associations among landscape
greening and specific dominant species phenology were strong, through which we were able to
identify key species that perhaps drive greening at the landscape level. It is important to note,
however, that our dominance values were calculated through ground surveys whereas the camera
footprint typically encompassed the canopy level. Canopy dominance may be different than
dominance at ground level depending on canopy crown and emergent species. At the canopy
level, large umbrella-like trees, Macaranga spp. for example, may occupy a good majority of the
camera footprint. However, despite its potentially large camera coverage, dynamics within the
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landscapes studied tended to match those of other dominant species, Shorea laevis at Bukit
Bangkirai, for example. Shorea laevis is a dense, hardwood timber that is relatively drought
resistant and its fire susceptibility is moderate. Within Indonesia landscapes, Shorea laevis and
other Shorea spp. are typically dominant, and are inﬂuential in the structure and function of
forests (Brearley et al., 2016). Therefore, processes that occur among individual species, will
more than likely be those reflected at the landscape. Though the evergreen, highly mixed nature
of tropical forests makes it challenging to identify and decipher species level controls,
phenocams as a tool in phenology studies proved to be helpful in improving the gap in
knowledge in these landscapes. This in turn can be scaled up to understand the diverse
phenological behaviors of different plant, communities which aggregate to produce an
ecosystem-level phenology (Klosterman et al., 2018).
While this study examined response of greening to ENSO events, other biological
processes in the landscapes can be affected by ENSO. This is especially significant for dominant
species, like those presented here, since dominant plants typically provide key resources for
other species. For example, ENSO can have impacts on processes or resources such as prolonged
fruiting low after the ENSO event (Fredriksson et al., 2006), and migratory patterns and
behavioral adjustments to damaged masting forest by orangutans (Russon et al., 2015).
Additionally, ENSO induced changes in climate have significant implications on land change
and degradation, massive fires after sustained drought (Fredriksson et al., 2006, Huijnen et al.,
2016), for example.
There is a clear shortage of multi-year monitoring studies that are able to capture climatic
oscillations and extreme weather events, and how these forces drive plant phenology in the
tropics (Chang‐Yang et al., 2016, Mendoza et al., 2017). Our study’s ability to identify key
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species that play an integral role in landscape processes through the use of phenocams is the first
of its kind in tropical landscapes, and provides the impetus for further, similar research in these
systems. Future endeavors should incorporate several phenocams to expand the coverage area,
confirm species level dynamics among several individuals, compare ground-based dominate
species patterns to canopy species dominance to determine if there is a difference, and explore
the greening trends among rare and non-dominate species to learn if less abundant species could
be landscape drivers as well.
2.6 CONCLUSION
Phenological studies lean towards evaluating changes and shifts in response to interannual and seasonal variations, however, among the current research, very few studies
incorporate other environmental cues like ENSO events (Mendoza et al., 2017). Understanding
the role ENSO plays in influencing vegetation phenology is vital, especially in landscapes like
those in Indonesia where the climate is particularly coupled to ENSO occurrences. Given that
climate models predict severe and frequent extreme conditions for the tropics, there is an urgent
need to determine the magnitude of changes in plant phenology, especially in tropical
landscapes, where there is a clear disparity in research compared to other biomes (Livingston et
al., 2016).
Our study shows that digital repeat photography is a feasible tool for assessing a variety
of tropical landscapes and species. This methodology allows for sampling at varying temporal
resolutions, high spatial resolution, and consistent monitoring over a long period of time with
minimal effort. This in effect, allows for the capture and elucidation of key phenological events
in real time. The lack of long-term, consistent monitoring of Indonesian landscapes motivated
this study to explore the use of the relatively novel methodology. As a result, we have
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established baseline data and fundamental methods that can be expanded for future studies. The
future of tropical landscape is uncertain given the projected increase in land conversion and
pressure from extreme weather events, however, the need to study and understand these complex
and often vulnerable systems is more urgent than ever.
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Chapter 3: Comparing ground-based Phenocam and MODIS vegetation indices for
assessing tropical landscape phenology
3.1 ABSTRACT
In recent years, satellite imagery (remote sensing) has allowed for researchers to study
large scale changes in landscapes through time at a relatively low cost. However, because of the
unique abiotic and biotic conditions within tropical regions, i.e. prolonged rains, cloud cover, and
dense, highly diverse landscapes, remote sensing can be arduous and its products less than
perfect. Digital repeat photography (phenocams) provides the ability to deduce processes within
the landscape, including plant phenology (e.g. greening), at high spatial and temporal resolution.
Here we relate land surface phenology (LSP) derived from NASA’s Moderate-resolution
Imaging Spectroradiometer (MODIS) 16-day vegetation indices (VIs), the normalized difference
vegetation index (NDVI) and the enhanced vegetation index (EVI), to landscape phenology (LP)
from hourly Phenocam calculated greening indices, the green excess index (GEI) and the green
chromatic coordinate (GCC) among a variety of tropical landscapes in Indonesia. For seven sites
ranging from primary forest patches to secondary forests to plantations, it was shown that
satellite-derived NDVI and EVI were not significantly related to landscape level GCC and GEI
indices (r = 0.012 - 0.314 for GEI and 0.126 - 0.374 for GCC). When subdivided into seasonal
(rainy/dry) datasets, stronger, significant relationships between MODIS VIs, particularly EVI,
and ground-based GCC were revealed (r > 0.441). Though the GEI did not show any correlation
with MODIS VIs among natural forests, there was a significant association for the EVI (r =
0.384, p=0.04) and marginally significant with NDVI (r=0.314, p=0.1) for the palm oil plantation
included in this study. In response to extreme weather events (El Niño Southern Oscillation), the
GCC was better able to track changes in phenology than all other vegetation indices (EVI and
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NDVI at the satellite level, and GEI at the ground-based level). Our findings illustrate the
usefulness of phenocams, particularly the GCC, in dense, heterogeneous tropical landscapes, and
suggest the use of MODIS NDVI in these complex systems may not be suitable; however, the
EVI may be most applicable during the dry season, when measurements are not as highly
impacted by monsoon events.
3.2 INTRODUCTION
Regionally, ecosystems in Indonesia are currently undergoing rapid changes in the form
of deforestation, land conversion, and urbanization (Carlson et al, 2012, Austin et al., 2015,
Austin et al., 2016). Ecosystems are also impacted by rainfall variability related to El Niño
Southern Oscillation (ENSO) (Hendon, 2003); regions within Indonesia typically experience
drought conditions (Mori, 2000, Pan et al., 2018) and warmer temperatures (King et al., 20016)
during El Niño years. Extracting large-scale vegetative alterations, such as land cover change, in
Indonesian landscapes using satellite-based imagery has been helpful in elucidating how these
ecosystems are transitioning (Langner et al., 2007, Elz et al., 2015, Agaton et al., 2016).
However, it may be more difficult to decipher finer, more localized vegetative dynamics,
phenology for example and its responses to climate, within the complex ecosystems of
Indonesia. More recently, remote sensing has shown to be highly advantageous to examine
phenological dynamics among economically valuable monocultures, such as rice (Setiawan et
al., 2016, Sugianto et al., 2020), yet there are still a limited number of studies examining and
comparing the highly dense, heterogeneous landscapes within this region.
For many years, satellite imagery has helped clarify and understand changes of
vegetation at regional, continental and global scales. Sensors such as the Moderate-resolution
Imaging Spectroradiometer (MODIS) onboard orbiting satellites have allowed phenological
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monitoring through calculation of vegetation indices, such as the normalized difference
vegetation index (NDVI). Remote sensing can incorporate signals from the entire land surface
patterns, along with signals from plants, therefore, satellite-based phenology is often deemed
land surface phenology (LSP) (White and Nemani , 2006, Liang et al., 2011). The relationship
between the NDVI and vegetation productivity is well established (Pettorelli et al., 2005,
Sonnentag et al., 2012, El-Vilaly et al., 2018), while new indices, such as EVI compliments
measures of NDVI by improving the sensitivity in high biomass regions, such as tropical forests
(Huete et al., 2002).

While advancements in satellite sensor technology have allowed for

convenient, cost effective, and large-scale analysis of Earth’s land surface, satellite-based
measures are often suboptimal to ground-based measures as satellite data are temporally
constrained by the orbital schedule of each satellite and/or spatially coarse resolution (Al-Wassai
and Kalyankar 2013). Furthermore, atmospheric contamination can distort or saturate spectral
indices retrieved from satellite imagery (Meza Díaz and Blackburn, 2010), although algorithms
and atmospheric corrections have been developed to curtail distortion of measures (Hadjimitsis
et al., 2010, Marcello et al., 2016).
Ground-based phenology indices from plot-level observations have been traditionally
observer based, which inherently has drawbacks, i.e. human subjectivity. However, recent
studies (e.g. Hufkens et al., 2012; Liang et al., 2011) have shown that improved linkages
between remotely sensed phenology measurements and measures from ground-based digital
photography can bridge the divide between near-surface and satellite remote sensing. The
combination of the two methods of monitoring phenology allows for long-term, consistent, cost
effective results, which is ideal for remote locations with limited resources. Yet, very few studies
have explored this methodology in tropical landscapes.

54

Phenocams, an automatic, programmable time-lapse camera that takes images of a
targeted landscape, can balance the drawbacks from satellite imagery by providing higher spatial
and temporal resolution imagery, with less atmospheric interference. Phenocams provide a
means to conduct long-term, automated and cost-effective research to depict temporal responses
in vegetation (Richardson, 2019). Like satellite imagery, channel intensities, specifically
“greenness”, are extracted from the imagery, and used to quantify phenological changes.
Phenocams are limited to Red, Blue and Green (RBG) color channels; however, numerous
studies within the last decade have effectively utilized vegetative indexes computed from RGB
color intensities collected from Phenocam imagery in a variety of ecosystem types (Richardson
et al., 2007, Crimmins and Crimmins, 2008, Sonnentag et al., 2012, Anderson et al., 2016,
Browning et al., 2017, Andresen et al., 2018). Two indices derived from digital repeat
photography shown to be useful for describing phenological greening trends are the Green
Excess Index (GEI) (Richardson et al., 2007) and the Green Chromatic Coordinate (GCC)
(Sonnentag et al., 2012).
Comparing ground-based remote sensing and satellite remote sensing can bridge the gap
between the two methodologies, and help identify the best methods and indices to use in the
heterogeneous and changing landscapes of Indonesia. In particular, there is not a clear
understanding of how remotely sensed data reflects the true dynamics occurring at the ground
level, nor which index would be best at tracking landscape level responses to changes in climate.
In this study we determine whether remotely sensed land surface phenology indices, NDVI and
EVI, can be supported by ground-based landscape phenology (LP), quantified with the GEI and
GCC; explore seasonal associations among the vegetation indices; and examine if and which
indices are responsive to the effects of ENSO events.
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3.3 METHODOLOGY
3.3.1 Study sites
The study was conducted at sites located in the coastal area of East Kalimantan, Borneo,
and one site located in Karimunjawa, Jepara (Karimunjawa National Park) (Table 2.1). All sites
in East Kalimantan have a tropical rainforest climate accompanied by dry and rainy seasons,
with the heaviest rains typically occurring November to April (Guhardja et al., 2000). Average
yearly precipitation is 2200 mm. Rain trends are known to be related to pronounced El Niño
Southern Oscillation (ENSO) events (Siegert et al., 2001, Fuller et al., 2006, Dennis and Colfer,
2006), which usually result in severe drought periods, i.e. the 1997-1998 El Niño that resulted in
widespread fires. Yearly mean air temperatures for the region average around 29.9°C for daily
maxima and 21.4°C for daily minima. Relative humidity is 93.2% for daily maxima and 58.5%
for daily minima (Guhardja et al., 2000). The climate in Karimunjawa is also tropical
accompanied by a rainy (monsoon) season occurring from October through April (monthly
average of 300 mm of rain), and shorter dry season from May to September. The average
monthly temperature is between 28° and 30 °C.
3.3.2 Satellite imagery
Satellite land products were retrieved from the Moderate Resolution Imaging
Spectroradiometer (MODIS), specifically, collection 5 MOD13Q1 and MYD13Q1 vegetation
indices from the Terra and Aqua instruments, respectively (ORNL DAAC, 2008). Vegetation
indices that are derived from atmospherically-corrected reflectance in the red, near-infrared, and
blue wavebands are the normalized difference vegetation index (NDVI), and the enhanced
vegetation index (EVI). MOD13Q1 and MYD13Q1 are both 16 day L3 global 250 m NDVI and
EVI time series. NDVI is a measure of the amount and vigor of vegetation on the land surface.
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The index quantifies vegetation by measuring the difference between near-infrared and red light,
and is derived from Equation 1 (below). EVI is an optimized index designed to enhance the
vegetation signal with improved sensitivity to high biomass and improved vegetation monitoring
by separating the canopy background signal and a reduction in atmosphere influences. EVI is
derived using Equation 2 (below).
(1) NDVI= (NIR - RED ) / (NIR + RED )
(2) EVI = (NIR – RED)/(NIR + C1 x RED –C2 x Blue + L)
3.3.3 Land surface phenology (LSP)
As a measure of LSP, NDVI and EVI products were selected over the duration of the
study (July 2012 – December 2015) and pixels co-located, extracted and recorded for each site
via field GPS coordinates from each Phenocam location (Table 12). The 16 day vegetation
indices from the Terra and Aqua sensors were combined to produce an 8 day time series each of
NDVI and EVI metrics (four measures per month).
Table 12: Location of phenocams used in this study *Indicates sites with data gaps.
Site
Bukit Bangkirai
Bukit Soeharto Education
Forest of UNMUL
Karimunjawa National
Park
Kebun Raya UNMUL
Samarinda
Mulawarman University
(UNMUL)
Eucalyptus Plantation
Palm Oil Plantation

Cover Type
Secondary;
Primary Patches
Secondary
Mangrove
Secondary
Urban
Cultivated;
monoculture
Cultivated;
monoculture

Location
S 01.02900
E 116.86729
S 00.86145
E 117.04073
S 05.82332
E 110.46474
S 00.45431
E 117.21557
S 00.472069
E 117.153091
S 00.117928
E 117.057059
N 0.332260
E 116.861672

Phenocam Data
Range

Weeks of
Data

1/20/2013-12/3/2015

140*

7/26/2012-3/24/2015

86*

9/24/12-5/8/2015

105*

1/21/2013-12/29/2015

108*

1/21/2013-4/7/2015

111*

2/19/2013-2/3/2015

38*

9/14/2013-1/4/2016

120

3.3.4 Landscape phenology (LP)
Digital photos were obtained using Wingscapes Timelapse 8.0 (8 megapixels) digital
cameras (phenocams) to convey targeted landscape phenology. At each site, a camera was
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mounted to convey the landscape characteristics with a minimum of 150 m X 150 m landscape
coverage. Cameras were programed to take hourly images during daylight hours (6 am – 6 pm,
or 9 am – 3 pm at distant site locations to allow longer battery life). Camera white balance was
fixed to “sunlight”, which greatly improves the consistency in RGB brightness values under
variable light conditions (Richardson et al., 2009).
Spectral properties (Red, Blue, and Green (RGB) channels – in digital numbers) of each
landscape type were extracted from Phenocam imagery. To differentiate responses among
landscapes, a region of interest (ROI) was selected from the images with each ROI
encompassing plant communities representative of the entire site and was normalized to Y 500,
X 700 pixels for all images. Images were batch processed to compare RBG channels of pixel
intensities within the ROI at the landscape level. These extracted values were then used to
compute the greenness excess index formulated by Richardson et al. (2007) using equation (3),
and the green chromatic coordinate (Sonnentag et al., 2012) using equation (4). The GEI and
GCC metrics from hourly images were summarized into weekly time series greening measures
depicting landscape phenology.
(3) Greenness Excess Index (GEI) = 2 x (Green) – (Red+Blue)
(4) Green Chromatic Coordinate (GCC) = Green/ (Red+Green+Blue)
3.3.5 ENSO conditions
Previous analyses looking at the influence of ENSO occurrences on greening showed that
many of these landscapes were impacted by these strong environmental oscillations. During the
study time frame, two ENSO events were recorded: a Weak episode and a Very Strong episode
(Table 13). The GCC decreased as a result of warmer temperatures and decreased precipitation,
especially at sites that are typically wetter than others (Chapter 2). Therefore, since it was

58

recognized that phenocams at the landscape level can detect these changes, here, we try to
validate this at the satellite level. To do this, datasets were subdivided by ENSO episode
classification (Non-ENSO, Weak ENSO and Very Strong ENSO), and land surface phenology
indices (NDVI and EVI) and landscape phenology indices (GCC and GEI) means were
compared.
Table 13: Classification of ENSO episode affecting monitored sites during the course of this
study. Study years are categorized according to NOAA’s Oceanic Niño Index
(ONI). ONI SST anomaly for each ENSO period is shown in parenthesis. *Data
availability varies by site as site establishment times differ and gaps within datasets
exist.
Logged Data
ENSO Timeframe
Timeframe
ONI
Abbrev.
N/A
Jun 2012- Aug 2014* Non (0.0 to 0.4)
Non ENSO
Sep 2014-May 2015 Sep 2014-May 2015* Weak (0.5 to 0.9)
Weak ENSO
Jun 2015-Jun 2016
Jun 2015-Jan 2016*
Very Strong (≥ 2.0) Very Strong ENSO
3.3.6 Statistical analysis
EVI and NDVI from satellites (LSP) were correlated to the GEI and the GCC values (LP)
obtained from phenocams. Seasonal comparisons were made among the dry and rainy seasons
using Pearson Correlations. Differences among indices were determined using analysis of
variance followed by Tukey HSD.
3.4 RESULTS
3.4.1 Relating land surface phenology to landscape phenology
Pearson Correlation analysis of the relationship between MODIS 8 day products and
Phenocam hourly greening metrics revealed that NDVI and EVI tend to have largely nonsignificant Pearson Correlation Coefficients (r) in a range of 0.012-0.314 for GEI (Table 14) and
0.126-0.374 for GCC (Table 15). Correlations among GEI and MODIS vegetation indices are
considerably weaker than those comparing GCC and MODIS, except for the palm oil plantation
which had a significant correlation with EVI (r = 0.384, p=0.04) and marginally significant with
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NDVI (r=0.314, p=0.1). Though many of these relationships were weak or non-significant, time
series show that greening patterns among these indices are similar during certain months, i.e.
NDVI, EVI and the GCC notably increase immediately after the rainy season (March-June).
Therefore, further evaluation for relationships among the rainy and dry seasons was explored.
Table 14 Pearson Correlations (r) for each site comparing GEI to EVI and NDVI. Significant
correlations are in bold. Marginally significant correlations (p<0.10) are italicized.
GEI Site
EVI (r)
sig.
NDVI (r)
sig.
Bukit Bangkirai
0.122
0.49
0.084
0.66
Bukit Soeharto
-0.104
0.62
-0.208
0.34
Eucalyptus Plantation
0.062
0.87
-0.028
0.94
Karimunjawa
0.178
0.21
0.099
0.58
Kebun Raya UNMUL Samarinda
0.103
0.6
0.262
0.17
Palm Oil Plantation
0.314
0.1
0.384
0.04
UNMUL Campus
0.012
0.95
-0.147
0.22
Table 15 Pearson Correlations (r) for each site comparing GCC to EVI and NDVI. Significant
correlations are in bold. Marginally significant correlations (p<0.10) are italicized.
GCC Site
EVI (r)
sig.
NDVI (r)
sig.
Bukit Bangkirai
0.03
0.138
0.43
0.374
Bukit Soeharto
0.134
0.17
-0.126
0.28
Eucalyptus Plantation
0.157
0.38
-0.216
0.23
Karimunjawa
0.283
0.08
0.155
0.11
Kebun Raya UNMUL Samarinda
0.231
0.11
0.243
0.09
Palm Oil Plantation
0.248
0.19
0.204
0.29
UNMUL Campus
0.276
0.09
-0.224
0.26
3.4.2 Seasonal association among LSP and LP
Study sites where at least two rainy and two dry seasons, and at least four months of
continuous data within each season were recorded, were further analyzed to explore the seasonal
relationship between greening metrics from satellite and ground-based derived datasets. The sites
included: Bukit Bangkirai (secondary forest), Karimunjawa (mangrove forest), the palm oil
plantation and the UNMUL campus (urban). Partitioning the data by seasons again showed no
significant relationships between the GEI and MODIS indices (Table 16); however, partitioning
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allowed for the detection of stronger relationships between MODIS VIs and ground-based GCC.
In the dry season, significant positive correlations between the GCC and EVI ranged from 0.41
to 0.59, while relationships in the rainy season tended to be less strong (Table 17). Though
seasonal Pearson Correlations (r) for NDVI and the GCC increased, the relationships for NDVI
were more often marginally or non-significant, particularly in rainy season. Thus, EVI may be a
better index for evaluating greening at the regional level within these tropical landscapes.
Table 16: Pearson Correlations (r) showing the seasonal (dry/rainy) relationships among the GEI
and MODIS VIs EVI and NDVI. Significant correlations (p<0.05) are in bold.
Marginally significant correlations (p<0.10) are italicized.
Dry
Rainy
Site
EVI (r)
sig.
NDVI (r)
sig.
EVI (r)
sig.
NDVI (r)
sig.
Bukit
Bangkirai
0.303
0.22
0.213
0.45
0.073
0.78
-0.228
0.34
Karimunjawa
0.368
0.18
0.295
0.29
0.292
0.29
-0.054
0.85
Palm Oil
0.406
0.17
0.373
0.21
0.355
0.18
0.256
0.34
UNMUL
0.356
0.26
0.107
0.74 -0.288
0.31
-0.185
0.25
Table 17: Pearson Correlations (r) showing the seasonal (dry/rainy) relationships among the
GCC and MODIS VIs EVI and NDVI. Significant correlations (p<0.05) are in
bold. Marginally significant correlations (p<0.10) are italicized.
Dry
Rainy
Site
EVI
Bukit
Bangkirai
Karimunjawa
Palm Oil
UNMUL

(r)

sig.

NDVI (r)

sig.

EVI (r)

sig.

NDVI (r)

sig.

0.593
0.518
0.579
0.441

0.01
0.05
0.01
0.02

0.444
0.448
0.396
0.331

0.07
0.09
0.06
0.27

0.177
0.303
0.406
-0.308

0.097
0.034
0.053
0.054

-0.095
-0.162
0.244
-0.159

0.98
0.35
0.1
0.18

3.4.3 Elucidating ENSO effects
When data were subdivided by ENSO events, boxplots (Fig. 5 A-H) show the decrease in
the GCC in response to ENSO occurrences; this difference among all ENSO years was
significant at Bukit Bangkirai (p=0.0019; Fig 4A), the palm oil plantation (p<0.001; Fig 4B) and
Kebun Raya (p<0.001; not shown). The GEI did not convey this decreasing trend among other
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natural landscapes, however, there was a significant drop in GEI means between the Non-ENSO
and Very Strong ENSO years at the palm oil plantation (p=0.008; Fig. 4D). Also, although there
was a slight decrease in the mean for EVI and NDVI at Bukit Bangkirai in response to the Weak
and Very Strong ENSO,

these differences were not significant (p=0.17 and p=0.23,

respectively). EVI and NDVI observations among years within the palm oil were also
unremarkable (p=0.73 and p=0.14, respectively).

A.

B.

C.

D.

E.

F.
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G.

H.
Bukit Bangkirai
Palm Oil Plantation
Figure 4 A-H: Boxplots illustrating vegetation indices’ response to regional ENSO events; the
Weak ENSO occurring September 2014-May 2015 and the Very Strong (denoted as
Strong in boxplots), which occurred June 2015-June 2016 (though site data is only
available until December 2015). ‘Non’ indicates time periods in which no ENSO
occurrence was present.
3.5 DISUCSSION
Plant phenology has been studied and illustrated with phenocams among an array of
ecosystem types through the calculation of the GEI (Migliavaccaa et al., 2011, Beamish et al.,
2016) and the GCC (Vrieling et al., 2018, St. Peter et al., 2018, Seyednasrollah et al. 2019). Our
findings showed that the GCC may be a better indicator of phenological (greening) dynamics in
tropical forests, particularly among natural landscapes and their response to ENSO events.
Though the GEI was shown to marginally elucidate greening trends and correspondence to
remotely sensed VIs for monocultures like the palm oil plantation, GCC may still be preferred in
these tropical landscapes. Other studies have also shown the GCC to be more helpful in
phenological research since it tends to be less affected by changes in scene illumination and
camera properties (Sonnentag et al., 2012). The climate within our tropical forest landscapes is
regularly wet and, as a result, clouds or rain may influence GEI measures. Fluctuations in water
content could translate to the reduction or increase in the blue channel brightness sensed by the
digital camera (Andresen et al., 2018). The GCC algorithm inherently accounts for such

63

differences in illumination caused by environmental variables, therefore providing better-defined
and less variable measures of greening, particularly when rainfall is highest.
When comparing ground-level measurements to those at the satellite level, the strongest
relationships were found among the GCC and EVI indices, especially during the dry season. The
EVI may be a better index for evaluating greening at the regional level within these tropical
landscapes, as they more closely reflect ground-based measurements. MODIS NDVI has
previously been shown to not accurately reflect ground-level measurements in tropical forests
(Hmimina et al., 2013). More specifically, it can be impacted by excess background water
content that is not filtered out by correction algorithms, reach saturation under elevated plant
biomass (Andresen et al. 2018), and experience interference due to background moisture and
water content under the canopy (Meza Díaz and Blackburn, 2003). This may be especially
significant in altering vegetation indices during the rainy season when clouds and rains are more
abundant. Because our results showed GCC held insignificant relationships with NDVI and
marginal correlations with EVI during the rainy season, MODIS VIs may not be conducive to
track greening in these wet, tropical landscapes. Though this anomaly has not been fully studied
or understood in the tropics, there is a clear consensus among the remote sensing community that
even nominal background reflected signal, i.e. water content, can mix with the vegetation signal
and influence the resulting VI value (Huete et al., 1999). The range in background reflectances
also becomes greater with snow, in wetlands (Karkauskaite et al., 2017), and in irrigated rice
paddy fields (Teluguntla et al., 2015).
In Indonesia, rainfall is strongly correlated with sea surface temperatures and the El Niño
Southern Oscillation (ENSO) (Hendon, 2003). Indonesian landscapes typically experience
drought conditions during El Niño (Mori, 2000, Pan et al., 2018), with higher temperatures than
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non-ENSO years (King et al., 2016). ENSO effects such as drought and fires can have a
significant impact on landscape ecology (Malhi et al., 2004, Granzow-de la Cerda et al., 2012),
thus enhancing our ability to track this change and to understand how vegetation within these
landscapes behave is highly important. Phenocams provide both the spatial and temporal
resolution to identify phenological fluctuations as low as at the species or individual plant level
in response to changes in temperature and precipitation patterns. We showed in this study that
the GCC was sensitive to environmental changes produced by both weak and very strong ENSO
events, whereas most other VIs, most notably the satellite derived vegetation indices, showed no
change in response to extreme weather variations brought by ENSO events.
One key difference that should be taken into consideration when comparing satellite VIs
to those derived from ground-based instruments (phenocams) is the viewing angle (Andresen et
al., 2018). Satellite sensors, including MODIS Terra and Aqua sensors retrieve data from a topdown (nadir) view, while the phenocams are taking photos at an angle oblique to the vegetation.
The top down view from MODIS sensors is corrected for atmospheric scattering and absorption,
thus most directional effects in viewing angle originate from non-equal distribution of radiance
from the ground target (ansiotrophy) (Eklundh et al., 2007), whereas the oblique view of
phenocams decreases light scattering and reflectance distribution (bidirectional reflectance)
(Rankine et al., 2017). Also, because the complex canopy structure found within these tropical
landscapes can cause gap shadows within the landscape, significant anisotropies in reflected
radiation can be created (Ranson et al., 1994); this effect is far less if at all for ground-based
cameras (Gamon, 2015).
The difference in viewing angle may alter differences in phenology simply because of
how foliage is seen. Aparicio et al. (2010) found the performance in spectral indices, including
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NDVI, predicting the yield of wheat varied as a function of sensor view angle, and were affected
by leaf area index (LAI) value, where NDVI was only a good indicator when LAI was high.
Similarly, Andresen et al., (2018) found that nadir view images underestimated greenness
relative to oblique views, but this difference was lessened at higher biomass levels. The oblique
angle of the phenocam may also produce a greater effective leaf area, which might lead to an
earlier peak of phenocam-derived greening (Keenan et al., 2014). Therefore, satellite and
phenocam angles may play a significant role in phenology measures. This role likely becomes
complex in mixed landscapes when tree species leaf properties vary and cannot be distinguished.
This study is unique in that majority of ground-based phenological studies that
incorporate phenocams have been conducted in regions other than the tropics. Tropical
environments inherently have challenges, yet, studying and understanding these unique systems
is highly imperative. Here we show that phenocams appear to outperform satellite-based
measurements in both natural and plantation tropical landscapes. Other studies in temperate
regions have similarly shown that highly diverse and heterogeneous landscapes may be too
complex and result in weak correlation between ground-based and satellite measures of
phenology (St. Peter et al., 2018). Similarly, Klosterman et al. (2014) found that among mixed
deciduous forests there were extensive differences in phenology measures from near-surface
(phenocam) and satellite remote sensing as the growing season progressed. Nonetheless, we were
able to illustrate a significant relationship for the satellite derived VIs and the GCC for the palm
oil plantation site and those findings align with other monoculture research (Setiawan et al.,
2016, Sugianto et al., 2020). This suggests that the NDVI and EVI may be most applicable to
more simple, less mixed landscapes.
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Other remotely sensed data sources have a finer spatial resolution than MODIS, such as
LANDSAT or Sentinel (Vrieling et al., 2018). However, the fine spatial scale is gained at the
expense of temporal resolution. The spatial resolution of phenocams allows for quantification of
landscape phenology with the flexibility of camera placement and ample range and selection of
ROIs from the camera footprint, including individual species, thereby providing a multitude of
options of analysis to more accurately study spatial variation (Klosterman et al., 2014). Also, the
temporal resolution (as much as images every 30 seconds), provides consistent, real time
reflection of targeted landscapes. This could be further amplified by the placement of several
phenocams within a research site. Future studies should look to increase the number of cameras
at a site, e.g. network of cameras. Multiple cameras per site in a mixed landscape can provide
continual coverage and metrics to specific vegetation, which circumvents the ‘noise’ at the single
pixel level in MODIS imagery (St. Peter et al., 2018). Since different species within the same
community may show different responses to environmental influences, as shown in previous
analyses and by others (Cleland et al., 2006, Crimmins et al., 2010), multiple cameras within one
landscape can help decipher whether patterns are consistent throughout the landscape, or unique
to a particular species. Our phenocam footprint was standardized to give at least 150 m x 150 m
coverage, whereas MODIS imagery provides a spatial resolution of 250 m. Arranging a network
of phenocams within a targeted landscapes to provide the same coverage as MODIS were
perhaps provide more comparable measures. Moreover, Brown et al. (2016) advocates the
concept of a coordinated global phenocam network across all biomes to better understand
phenological dynamics amid global climate change.
Here we have shown that ground-based Phenocam measures of GCC correlates with
MODIS EVI mostly during the dry season. However, these relationships may be further
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substantiated as MODIS collection 5 datasets were used for this study, which was readily
available during data collection. However, since then, MODIS collection 6 has been made
available, which has addressed calibration issues and downstream product anomalies, especially
cloud products (Yan et al., 2016). New, more improved sensor technology may be able to better
define the patterns in phenology as peripheral contamination is eliminated to a better degree.
3.6 CONCLUSION
Digital repeat photography allows for sampling at varying temporal resolutions, high
spatial resolution, and consistent monitoring over a long period of time with minimal effort. This
intrinsically outperforms satellite imagery data. The flexibility to set up phenocams at varying
angles at the discretion of the researcher or study also circumvents the challenges of top down
view from satellite imagery. Furthermore, the ability to define a/multiple regions of interest from
the camera footprint provides the opportunity to model phenology of individual species, groups
of species, or cover types. This study is one of the first to deploy this methodology in a variety of
tropical landscapes in Indonesia, and we have shown that phenocams are highly advantageous in
phenological studies, particularly those in highly dense, mixed landscapes. Our results confirm
that MODIS EVI and ground-based index the GCC are correlated, with the limitation that
MODIS EVI better associates with the GCC mostly during the dry season. Though MODIS
collection 5 datasets did not attain pheno-cues in response to ENSO induced changes, there is the
possibility that new datasets will convey such alterations. Future studies can build upon these
findings to better understand these complex landscapes.
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Chapter 4: Exploring the use of digital repeat photography to monitor phenological cues
and growth of the mangrove Rhizophora apiculata in Karimunjawa, Indonesia
4.1 ABSTRACT
In recent years, there has been a call for action for the protection and management of
mangroves. Mangroves provide vital habitat and ecosystem services, mitigate greenhouse gases
as blue carbon sinks and have helped make coastal conservation efforts more compelling. While
many tropical mangroves have now been protected, few studies have assessed how changes in
climate may affect mangrove vegetative growth and other properties and processes. This study
explores the use of digital repeat photography to monitor and quantify multi-year phenological
changes in a Rhizophora apiculata mangrove in Karimunjawa, Indonesia in response to interannual fluctuations in temperature and precipitation. Using the green chromatic coordinate
(GCC), a demonstrated measure of greenness and foliar cover and biomass, we found that
Rhizophora apiculata had seasonal greening optima at temperatures between 28°C and 28.5°C.
It was during these periods that canopy surface area also peaked; suggesting that leaf production
in mangroves is positively related to seasonal temperature increase in the early dry season and
mid-rainy season. There was a 10 week lag in greening in response to precipitation among the
assessed mangroves. This novel approach also provided the opportunity to assess mangrove
colonization and expansion. During nearly three years of observation, there was a generalized
seaward expansion, driven by colonization and establishment of new saplings. Saplings during
this same period grew by 50% with prominent growth annually during a three month period
(January-March) in the late rainy season. Our study demonstrates how digital repeat photography
can be a highly advantageous and invaluable tool in assessing and monitoring mangrove
phenology, growth and expansion.
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4.2 INTRODUCTION
Mangrove habitats are some of the most unique, yet vital ecosystems in the world.
Comprising vast amounts of tropical coastal shorelines and stretching as far as 35° north and
south, mangroves provide numerous ecosystem services. These unique environments provide for
human and ecological well-being, including: habitat for breeding and biodiversity (Adeel and
Pomeroy, 2002, De Lacerda and Linneweber, 2002), reducing shoreline erosion caused by tidal
waves, storm surges and tsunamis (Mazda et al., 2006, McIvor et al., 2012), carbon sequestration
(Alongi, 2012, Alongi et al., 2016, Kusumaningtyas, 2019), physical provisions, i.e. timber,
food, water filtration (De Lacerda and Linneweber, 2002, Palacios and Cantera, 2017, Huxham
et al., 2017), and aesthetics, culture, tourism (Queiroz et al., 2017, Himes-Cornell et al., 2018).
Within the last thirty years, mangroves in Indonesia have declined as a result of land
development and conversion, logging, pollution and aquaculture (Ilman et al., 2016, Richards
and Friess, 2016). In some regions, as much as 66% of mangrove forested areas (Malik et al.,
2016) have been lost. Nonetheless, Indonesia is home to 22.6% of the world’s mangroves cover
(more than any other country) (Giri et al., 2011). Given the large carbon sink capacity of
mangroves (Donato et al., 2011, Alongi, 2012, Liu et al., 2014), Indonesia has the ability to play
a significant role in climate change mitigation through the conservation of these ecosystems
(Sandilyan and Kathiresan, 2012, Murdiyarso et al., 2015). Indonesia, in response, has initiated
intensive activities focused on the protection and restoration of mangrove systems (Brown, 2007,
Auladi et al., 2012, Hakim et al., 2017). However, there is a lack of long-term, quantitative
research assessing the success of these protection and restoration efforts. Due to lack of funding,
trained personnel, accessibility, equipment, and political differences very little is known as to
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whether protection laws have been effective (van Oudenhoven et al., 2015, Dharmawan et al.,
2016).
Mangrove growth and expansion is fundamental to allowing these habitats to thrive and
effectively provide ecosystem services. Understanding the dynamics of mangrove leaf
production and growth traditionally requires tedious and meticulous field data collection,
recording and monitoring (Sukardjo et al., 2013, Dharmawan et al., 2019). However, because of
the unique location of many mangroves, they are often inaccessible and costly to visit. As such,
studies and datasets are often short term, may miss brief phenological events (Valiela et al.,
2001, Pastor-Guzman et al., 2018) and may be insufficient and unrepresentative in predicting
fluctuations in vegetation growth and phenology under future climate changes (Nakagawa et al.,
2019). Also, traditional assessment methods often employ subjective deductions from humanbased observations, thus potentially resulting in biased results within or between observers in
sustained time series measurements.
In an effort to mitigate such incongruities, researchers have utilized a range of
technologies that allow for remote multi-year, monitoring of plant communities. Monitoring of
plant processes, specifically plant phenology, has been found to be reliable for quantifying
landscape and ecosystem responses to changes in climate (Morisette et al., 2009). In particular,
the use of satellite remote sensing to monitor change within mangrove communities has
increased immensely in the last two decades (Kuenzer et al., 2011). Most recently, this has
included satellite-derived products to examine the environmental drivers of plant processes,
specifically mangrove phenology (Pastor-Guzman et al., 2018, Songsom et al., 2019). Although
satellite remote sensing has proven to be a great tool for this, temporal and spatial resolution
limitations exist, particularly with respect to effectively monitoring mangrove habitats, (Kuenzer
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et al., 2011). The continuous cloud cover in the tropics also makes satellite remote sensing
challenging.
Fortunately, the development and use of near surface multispectral imaging using digital
repeat photography has allowed researchers to monitor a variety of landscapes at high frequency
and fine spatial scales. In other biomes, recent studies have shown that digital repeat
photography can be used as a high resolution remote sensing tool to elucidate phenological
dynamics in response to changes in climate within a variety of landscapes, such as Arctic tundra
(Andresen et al., 2018) deciduous forests (Sonnentag et al., 2012, Klosterman et al., 2014),
boreal and subalpine forests (Richardson et al., 2013), and desert ecosystems (Browning et al.,
2017, Browning et al., 2019). Phenocams, an automatic, programmable time-lapse camera that
takes images of a targeted landscape (Richardson et al., 2007) can balance the drawbacks from
satellite imagery by providing higher spatial and temporal resolution imagery. Phenocams,
because of their close proximity to vegetation also provide the ability to delineate background
noise, i.e. soil or water, which is a constraint for remotely sensed, satellite data (Zhang et al.,
2018). Because of the flexibility in phenocam placement, the setup angle can circumvent the
drawbacks of cloud cover to which one has to contend with when using satellite-derived
products.
Phenocams provide a means to conduct multi-year, automated and cost-effective research
to depict temporal responses in vegetation (Richardson, 2019). Like satellite imagery, channel
intensities, specifically “greenness”, are extracted from the imagery, and used to quantify
phenological changes. Phenocams are limited to Red, Blue and Green (RBG) color channels;
however, numerous studies within the last decade have effectively utilized vegetative indexes
computed from RGB color intensities collected from phenocam imagery (Richardson et al.,
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2007, Crimmins and Crimmins, 2008, Sonnentag et al., 2012, Anderson et al., 2016, Browning et
al., 2017). Two indices derived from digital repeat photography shown to be useful for
describing phenological greening trends are the Green Excess Index (GEI) (Richardson et al.,
2007) and the Green Chromatic Coordinate (GCC) (Sonnentag et al., 2012). Both GEI and GCC
have been widely utilized to summarize and illustrate plant phenology. More recently, GCC has
been shown to be more helpful in phenological research since it tends to be less affected by
changes in scene illumination and camera properties (Sonnentag et al., 2012).
Most studies focused on the detection of phenological dynamics using phenocams has
been conducted in regions where plant communities have prominent seasonal green-up and
senescence trends, such as desert landscapes (Browning et al., 2017), temperate deciduous
forests (Liang et al., 2011, Klosterman et al., 2014), and arctic tundra (Migliavacca et al., 2011,
Andresen et al., 2018), with less focus in non-deciduous biomes, such as tropical forests. This
study appears to be among the first to employ phenocams as a relatively novel and inexpensive
methodology for documenting the phenological cues and dynamics in a tropical mangrovedominated landscape. For the dominant mangrove species in our study area on the island of
Karimunjawa, Indonesia, Rhizophora apiculata, we i) evaluate the effectiveness of using digital
repeat photography to assess seasonal trends in greening in response to changes in temperature
and precipitation, ii) monitor seasonal and interannual canopy dynamics (growth and litterfall) of
Rhizophora apiculata, and iii) track mangrove sapling recruitment and growth. This study was
designed with conservation management challenges associated with coastal mangroves in mind.
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4.3 METHODOLOGY
4.3.1 Study site
Karimunjawa National Park, Indonesia is an archipelago of 27 islands in the Java Sea,
approximately 90km northwest of Jepara, Java. In 1986 22 islands of Karimunjawa were
declared a Marine Nature Reserve and later established as a National Park known as Balai
Taman Nasional Karimunjawa (BTNKJ) (Karimunjawa National Park) by the Indonesian
Ministry of Forestry in 1999 (Decree of the Minister of Forestry No. 78/Kpts-II/1999); it covers
a total area of 111,625 Ha (Directorate General of Forest Protection and Nature Conservation,
2012). The main and largest island, Palau Karimunjawa (1285.5 Ha), is inhabited by about 5000
people, and consists of varying habitats including mangrove, coastal forest and low land tropical
rain forest. The mangrove in Karimunjawa National Park (KNP), covering an area of 10.5 km 2,
is on this island and is the focus of our study. A 1.3 km boardwalk and observation tower are
located in this mangrove-dominated landscape (Winata et al., 2017). While mangroves of KNP
contain at least 45 species of mangrove (27 true mangroves and 18 mangrove associates)
(BTNKJ, 2011), the mangrove community on Palau KarimunJawa is dominated Rhizophora
species, with Rhizophora apiculata being the most dominant species and the focal species of this
study.
The climate in Karimunjawa is tropical (Koeppen classification: Am) accompanied by a
rainy (monsoon) season occurring from October through April (monthly average of 300 mm of
rain), and shorter dry season from May to September. Mean monthly temperatures generally
range between 28° and 30 °C.
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4.3.2 Landscape imagery
Time-lapse digital photos were obtained using a Wingscapes Timelapse 8.0 (8
megapixels) digital camera mounted atop the mangrove boardwalk trellis located on the seaward
side of the mangrove community (S 05.82332, E 110.46474). The camera was positioned inland
to convey the landscape characteristics with a minimum of 100 m X 100 m landscape coverage
(Fig. 1). This phenocam was programed to take hourly images during daylight hours (6 am – 6
pm) from September 2012 through May 2015. Due to issues with accessing the island during the
rainy season, there are gaps in the data set: a two week gap in January 2014 (week of year 71-72)
and a 19 week gap occurring October 2014 until the third week of February 2015 (week of year
108-126). Camera white balance was fixed to “sunlight”, which has been found to greatly
improve the consistency of RGB brightness values under variable light conditions in similar
camera systems (Richardson et al., 2009).

Figure 5: Field of view from the Phenocam of the mangrove community located on
Karimunjawa. Polygons were hand-digitized (red outlines) around trees of interest
(labeled A-D – all Rhiozophora apiculata) and used as the region of interest (ROI)
for imagery analysis. Blue outlines indicate saplings established before the
commencement of this study. These four, and subsequent new (not shown), saplings
were utilized in this study.
4.3.3 Imagery analysis – digital phenology value calculation
To differentiate seasonal responses among Rhizophora apiculata mangroves, a region of
interest (ROI) was hand–digitized around individual trees in the foreground of the camera’s field
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of view. Images were batch processed in custom software to compare spectral properties (Red,
Blue and Green channel intensities) of these ROI. Extracted values were used to compute the
Green Chromatic Coordinate (Sonnentag et al., 2012) using equation (1).
(1) Green Chromatic Coordinate (GCC) = Green / (Red+Green+Blue)
After image processing, we excluded images where the RGB values were substantially
affected by environmental factors such as condensation and sunlight glare on the phenocam. We
determined an illumination threshold on values for RGB digital numbers; this was determined
via a cluster analysis categorizing a training set of images for fog, rain, cloud cover, high
reflectance, etc. Filtering and excluding metrics beyond the threshold values identified from this
analysis ensured environmental variables did not influence the overall measures of greenness,
and thus provide less variability in day to day measures of greening.
4.3.4 Species canopy surface area
To depict canopy growth dynamics in response to seasonal changes, biweekly images
were analyzed using ImageJ Software (Schneider et al., 2012). More commonly used for particle
counting (Abràmoff et al., 2004; Papadopulos et al., 2007), ImageJ is capable of dissecting
images pixel by pixel resulting in distinguished measures of digital space within an image. First,
we spliced each image into individual RGB color channels, and used the green color channel as
an indicator of leaf space within the image. The image contrast threshold was set to binary (Fig.
2) in order to delineate individual leaves or leaf clusters. This allowed us to identify and exclude
gaps within the canopy where no leaves existed. Using the ROI tool in ImageJ, each selected
trees’ canopy surface area (CSA) was measured in digital numbers (DN) and tracked for the
duration of the study. Increase in CSA would therefore indicate canopy growth, while decrease
in CSA would be a sign of canopy contraction (litterfall). As such, the CSA allows us to track
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changes in an area through time, but does not allow calculation in commonly used units of area.
Future studies would require a reference measure for this purpose.

Figure 6: ImageJ output of the green color channel binary threshold image. Pixels within the
image that corresponded to the green channel are black, while pixels that appear
white are other than green (i.e. sky, water, gaps within the tree crowns). Yellow
lines delineate R. apiculata trees that were analyzed.
4.3.5 Mangrove Recruitment
Continuous imagery capture also allowed for the quantification of Rhizophora apiculata
propagation and growth. As new Rhizophora apiculata mangrove saplings sprouted, they were
counted and recorded. Rhizophora apiculata saplings grow leaves in terminal clusters. These
clusters (ROIs) were hand digitized in ImageJ and assessed every two weeks to determine
seasonal patterns in leaf growth (canopy expansion) and/or litterfall. Sapling height was
measured using ImageJ’s linear measuring tool, and like leaf count/clusters, expressed as digital
numbers.
4.3.6 Climate data
Temperature and precipitation data were collected from September 2012 to May 2015.
Temperature was measured via HOBO Pendant logger mounted in a temperature shield adjacent
to the Phenocam approximately 3.5 m above the boardwalk. Regional precipitation measures
were obtained from the Badan Meteorologi Klimatologi dan Geofisika (BMKG) (Meteorology
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Climatology and Geophysics Council) of Indonesia and validated by weather station Semarang
(SYNOP 968370).
4.3.7 Statistical analysis
Physical, environmental variables (temperature and total precipitation) were used to
identify potential factors associated with canopy greening and canopy growth/litterfall. Second
order polynomial regressions were used to decipher temperature optima in greening and growth.
Lag response times of canopy greening and growth/litterfall in response to precipitation were
determined using Pearson Correlations, and linear regression models were developed to explore
the relationship between precipitation and GCC and CSA.
4.4 RESULTS
4.4.1 Relationship between temperature, greening (GCC) and canopy dynamics (CSA)
Time series of GCC over the nearly three year period indicates a general increase over
time, with two annual maxima (Fig. 7) – one corresponding to the onset of the dry season
(April/May), and one larger maximum corresponding to the early rainy season (November).
Regression models using a second order polynomial show a significant positive relationship
between greening and temperature (Fig. 8A). Generally, GCC increased with warmer
temperatures, with maximum GCC occurring when temperature was between 28°C and 28.5°C,
and dropped at higher temperatures. During these times when greening was highest, CSA was
also high. As temperatures increased, there was an increase in CSA suggesting that leaf
production is highest when temperatures are warmer (Fig. 9). However, when temperature was at
its peak (temperature > 28.5°C across consecutive weeks), CSA tended to decrease (Fig. 8B).
This suggests a growing temperature optimum of 28.5°C. Though minor declines in CSA were
continuous year-round (implying continuous leaf shedding/litterfall), these results suggest
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Rhizophora apiculata shed leaves in greater amounts in response to higher temperature (>
28.5°C) typically in June/July and December/January.
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Figure 7: Time series biweekly average GCC for all Rhizophora apiculata trees (n = 4) observed
for this study. Error bars are standard error of the mean.

A.
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Figure 8: A) Scatterplot showing the relationship between temperature and GCC from September
2012 through May 2015. B) Scatterplot showing the relationship between
Rhizophora apiculata canopy growth/litterfall (CSA) and temperature.
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Figure 9: Time series Canopy Surface Area (CSA) for Rhiozophora apiculata (black line)
illustrates the response to fluctuations in temperature (grey bars).
4.4.2 Relationship between precipitation, greening (GCC) and canopy dynamics (CSA)
Initial observation of time series data suggested there was not a clear relationship
between phenological dynamics and precipitation, suggesting that unlike temperature, there was
not an immediate response to fluctuations in rainfall. Indeed, periods with the highest levels of
precipitation appeared to correspond to decreased GCC (Fig. 10). To examine if there was a lag
response of GCC and CSA to precipitation, Pearson Correlations were conducted comparing
biweekly average GCC and biweekly CSA values with delayed precipitation totals, with lag
times every 14 days (i.e. 14, 28, 42, 56, 70, 84, and 98 days). The strongest positive significant
correlation (r = 0.40, p < 0.001) was observed with a 70-day (10 week) lag. Precipitation,
following a 10 week lag, was significantly associated with both GCC (r2 = 0.36, p < 0.001; Fig.
11A) and canopy surface area (r2 = 0.44, p < 0.001) (Fig. 11B).
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Figure 10: Time series canopy surface area (CSA) for Rhiozophora apiculata shows no
relationship between canopy expansion/contraction with real-time, 2-month
precipitation totals.

A.

B.
Figure 11: Regression models illustrate how A) GCC related to precipitation measures adjusted
to a 10-week lag, and B) CSA response to fluctuations in precipitation measures
adjusted to a 10-week lag. Blue points indicate values during the rainy season (Oct.
- Apr.), while red points represent values during the dry season (May - Sept.).
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4.4.3 Mangrove expansion and recruitment
Since the phenocam placement in this study was seaward of the mangrove plant
community being monitored, there is a notable gap (Fig. 12) at the beginning of the
observational period that was colonized by Rhizophora apiculata saplings over the course of the
study. After 44 months (September 2012 – May 2015), two new saplings were established and
the growth of saplings present at the beginning of the study was substantial. Sapling height
increased by ~50% during the study period. Interestingly, sapling height increased continuously;
however, there was a notable surge in sapling growth toward the end of the rainy season
(January-March) in both 2013 and 2014 (Fig. 13). The three-month growth rate during these
rainy seasons (0.00087 – 0.00093 DN/month) was significantly higher than the growth rates
during the other months of the year (0.00027 – 0.00038 DN/month) (Fig. 13) (t tests; p ≤ 0.005).
Leaf growth and litterfall were continuous, however, unlike larger, established trees,
Rhizophora apiculata saplings tended to have one pronounced decrease in CSA (increase in
litterfall) annually towards the end of the dry season - August/September (Fig. 14). This drop in
CSA corresponds to the warmest seasonal temperature (above 28.2°C) and lowest rainfall (twomonth total of 195 mm – 2013 peak dry season, compared to two month total of 1272 mm during
2013/14 peak rainy season).

A.
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B.
Figure 12: Phenocam images of the mangrove. The red circles indicate that gap within the trees
A.) at the beginning of the study and B.) at the end of the study.

Figure 13: Sapling height growth during the duration of the study. Sapling height increased over
time, particularly towards the end of the rainy season (January to March). Error bars
are standard error of the mean (n = 4).
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Figure 14: Sapling CSA in digital numbers for each Rhizophora apiculata saplings observed
during the study.
4.5 DISCUSSION AND CONCLUDING REMARKS
This study appears to be among the first to utilize phenocams to remotely observe
mangrove phenology, growth and colonization in response to inter-annual fluctuations in
temperature and precipitation. Digital image analysis using the GCC, a relatively common index
of vegetation greenness, allowed for this evergreen, tropical mangrove to be assessed repeatedly
over the course of ~44 months. Phenocams offer a cost-effective and proven alternative to other
commonly used approaches. For example, traditional methodologies to examine mangrove
growth and expansion normally consist of arduous field work using litter traps, or humanobserved colonization and growth studies (Sukardjo et al., 2013, Kamruzzaman et al., 2016,
Mbense et al., 2016, De Alvarenga et al., 2017), which have both issues of subjectivity and
inconsistent measurements among observers. And, while satellite remote sensing has proven
useful in mangroves for a range of studies including tracking phenology using various vegetation
indices (Pastor-Guzman et al., 2018, Songsom et al., 2019) to estimating mangrove carbon stocks
(Patil et al., 2015 Wicaksono, 2017, Winarso et al., 2017), it also has several inherent
disadvantages in the tropical coastal ecosystems. Several studies have noted the challenge of
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using satellite derived products for relatively small plant communities and/or where persistent
cloud cover or wet seasons prevail (Andresen et al., 2018, Gallant et al, 2018). This study
attempted to circumvent both the subjectivity of field sampling methods and the challenge of
using satellite-derived of remote sensing products in the tropics by utilizing phenocam
technologies to monitor and quantify multi-year phenological changes in Rhizophora apiculata
mangrove communities.

Figure 15: Conceptual model depicting the association among mean temperature (grey), total
precipitation (blue), Rhizophora apiculata mean GCC (green), Rhizophora
apiculata CSA percent increase (purple) and Rhizophora apiculata sapling CSA
percent increase (orange).
Using just one year of data, we can summarize conceptually how the Rhizophora
apiculata mangrove community responded to temperature and precipitation (Fig. 15). Greening
and canopy surface area of adult trees shows two peaks that correspond to the highest
temperatures, and following a 10 week delay in maximum precipitation. Conversely, sapling
surface area peaks just once, in the rainy season, but shows no peak in the dry season. Although
tropical environments have a warm and moist climate that is relatively stable compared to the
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climate of other biomes, seasonal fluctuations appear to have a prominent effect on the
phenological dynamics within tropical forests (Bendix et al., 2006) and Rhizophora apiculata
mangrove communities illustrated in this study. It is suggested here, and by others (Saenger et
al., 1985) that leaf production in mangroves is closely related to changes in temperature,
whereby an increase in temperature is associated with leaf formation/growth. However, as the
dry season progressed and rainfall declined, GCC fell. Our data suggests that the optimal
temperature for maximum greening was ~ 28.5°C. While much research has been performed on
cold tolerance of mangrove species (Stevens et al., 2006, Cavanaugh et al., 2015), our results
suggest the upper environmental temperature limits or optima for mangrove leaf growth, and
highlight a potential concern for future warming. Future work should aim to examine and
identify environmental optima, specifically upper temperature thresholds for important species,
particularly in regions prone to periods of extreme weather fluctuations, such as El Niño events.
Similar to GCC, we found that the canopy surface area fluctuated annually, with a
bimodal trend corresponding to the greatest times of production and litterfall. Though this study
appears to be the first to use phenocams to infer such findings, the observation of two peaks in
litterfall is similar to other such studies using traditional litter trap methods (Pastor-Guzman et
al., 2018), including a study from East Kalimantan, Indonesia (Sukardjo et al., 2018), where peak
litterfall was observed in both the rainy season and the dry season. The initial decline in CSA
(litterfall) in this study during the hot, dry months of June and July may be attributed mainly to
the effects of high temperature and low rainfall during the dry season. It is well documented that
mangroves are productive year-round, yet most species reproduce during the rainy season when
precipitation and humidity are highest (Kusmana et al., 1997, Sukardjo et al., 2013). As a result,
we deduce the prominent decrease in CSA during the rainy season to be associated with leaf and
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reproductive litterfall. Interestingly, we found the sapling R. apiculata appear to only have one
substantial litterfall event which occurs at the peak of the dry season. This highlights the
differences in leaf production among the different life stages of this mangrove species.
Precipitation is a well-established mechanism for mangrove growth and expansion. This
is especially evident in mangrove distribution studies that show mangrove incursion into
saltmarshes as a result of increased rainfall (Eslami-Andargoli et al., 2009, Eslami-Andargoli et
al., 2013, Duke et al., 2019). Increased rainfall reduces salinity and increases the delivery of
sediments and nutrients from run off, resulting in increased growth rates and productivity
(Gilman et al., 2007). Conversely, decreased rainfall, which increases salinity, has shown to
decrease mangrove productivity (Gilman et al., 2008), particularly when drought periods are
prolonged (Galeano et al., 2017, Urrego et al., 2019), and even results in mangrove dieback
(Duke et al., 2017). Though the relationship among precipitation and mangrove growth and
production is well studied, the vegetation response time is less clear, and often not immediate.
The 10-week delayed positive response to rainfall that we observed for Rhizophora apiculata is
similar to trends observed in other tropical mangrove forests (Songsom et al., 2019), and is
further supported by lagged responses to rainfall observed in a variety of tropical evergreen and
deciduous forests (Souza et al., 2016, Bonal et al., 2016, Ramos-Chavez, 2020 and Chave et al.,
2010). These findings highlight that considering the time-lag effect of climatic factors has
important significance for the accurate monitoring of vegetation dynamics under global
environmental change.
The ability for seedlings to establish and grow is paramount for mangrove expansion.
Once developed into a sapling, mangroves face a variety of obstacles upon maturing into adult
mangroves, including changes in temperature, carbon dioxide, salinity, light, nutrients, flooding
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and herbivory (Krauss et al. 2008). Most studies assessing mangrove sapling growth have
consisted of traditional plot-level observations (Hastuti et al., 2016, Riascos et al., 2018) or lab
experimentation (Kodikara et al., 2018), which can either involve difficult and time consuming
field work or forego in situ natural parameters, such as tidal fluctuations, nutrient changes, and
light/shading effects. Leaf dynamics, including leaf longevity, growth and litterfall, are primarily
determined through adult mangrove assessments (Sharma et al., 2014, De Alvarenga et al., 2017,
Sukardjo et al., 2018), while trends among the sapling stage are poorly understood. Imai et al.
(2009) is among few studies to assess growth of mangrove saplings, using field measurements to
examine their response to changing light conditions. There remains a gap in current knowledge
on the phenological responses of mangrove sapling to seasonal and inter-annual fluctuations in
temperature and precipitation. This is especially pressing given the predicted changes within the
global climate system. The use of phenocam technology to assess mangrove recruitment and
expansion in this study shows the potential to bridge this gap and gain a better understanding of
key mangrove species’ growth and expansion. We have shown that sapling metrics can be
deduced without the need of regular on-site observations and recordings. Within KNP,
Rhizophora apiculata sapling growth doubled over the duration of the study, with accelerated
growth rate during the rainy season, and it was shown that sapling litterfall differed from that of
its adult counterpart. This may be in part due to the differences in tissue make-up, root system
and leaf development of the saplings in contrast to older, established trees. These results
emphasize the need to incorporate the different plant phases in community phenological studies.
This study has shown that phenocams are a novel remote monitoring tool that allows for
sustained phenological, plant growth and recruitment observations for tropical mangroves. We
were able to show that phenocams can be used to obtain and record response of Rhizophora
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apiculata to changes in environmental variables (temperature and precipitation). While this
technique shows promise, future studies should incorporate further site-specific ground-based
validation measure in order to extrapolate results to standard units of measure (e.g. m2 of
growth).

Furthermore,

additional

environmental

variables,

such

as

salinity,

soil

composition/moisture, could contribute to describing the changes documented in this study.
Recent studies have highlighted and stressed the value of mangrove’s blue carbon storage
capacity and thus their meaningful role for mitigating greenhouse gases (Wylie et al., 2016,
Alongi et al., 2016, Cameron et al., 2019). Through our exploration and expansion of phenocam
capabilities, we have opened the doors to the possibility of using such technology in conjunction
with other datasets to better understand community level processes. These smaller, localized
processes, responses and shifts have the potential to influence changes at the landscape, regional
and global levels, thus highlighting the need to understand the larger role mangroves play.
Because there are differences in the sensitivity of plant growth and processes to stress factors, i.e.
flooding, drought, salinity, predation, nutrient availability, light, wave action etc., among
mangrove species, using phenocams along with other environmental measures will allow for a
more robust and informative assessment of mangroves.
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Chapter 5: General Discussion
The research presented in this dissertation was motivated by the urgent need to better
understand community and landscape level of phenological changes in tropical vegetation due to
fluctuations in climate. It was also motivated to fill a long-standing gap in research within these
highly diverse and vulnerable ecosystems. Tropical landscapes worldwide are undergoing rapid
changes due to human disturbance (Song et al., 2018), particularly land conversion (Tsujino et
al., 2016). Consequently, ecosystems services that are vital for global well-being are susceptible
to loss. Tropical landscapes harness the world’s greatest biodiversity (Cleary and Devantier,
2011), store a significant amount of global carbon (Bonan, 2008) and control the functions and
processes that affect the world’s climate system (de Oliveira et al., 2018). Therefore,
understanding the changes and drivers of change within tropical plant communities can bring
insight to processes at the regional and global levels in the face of climate change, and help make
better predictions for future variability. In this study, we address the importance of long-term
phenological research in tropical Indonesian settings, and demonstrate the usefulness of novel,
cost-effective tools to do so. Below, I present a summary of the key findings of this dissertation
research, lessons learned, and future directions.
5.1 KEY FINDINGS
5.1.1 Can pheno-cues in response to changes in environmental variables be revealed using
digital repeat photography among a variety of tropical Indonesian landscapes, and if so,
which are more sensitive to change? (Chapter 2)
This study showed that phenocam technology can be a useful tool to monitor tropical
plant communities in Indonesia. Phenocam-derived greening measures of the green chromatic
coordinate (GCC), showed to be the best indicator for phenological assessment in these moist
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habitats. This agrees with other studies where scene illumination varies as a result of
environmental factors, clouds or rain, for example (Sonnentag et al., 2012, Klosterman et al.,
2014, Browning et al., 2017). Tropical landscapes, however, are unique compared to other
studies and sites that have utilized phenocams in that they are evergreen, highly diverse and
highly dense. Nonetheless, we were able to show that phenology, GCC, was variable and
responded to changes in temperature and precipitation. Changes in GCC were especially
significant in response to a Weak ENSO during 2014-2015 and a Very Strong episode in
2015/16, in which there was a pronounced decrease among all landscapes, but especially at the
site that was most impacted by the ENSO events. Our study is one of the first of its kind to
explore ENSO impacts in tropical environments through the use of phenocams. In doing so, we
were also able to identify key, dominant species that may be driving phenology at the landscape
level. This is important to help understand the functions and importance of species and
ultimately the status of plant communities within these tropical ecosystems. This in turn, will
better predict the impacts of future, extreme climate episodes. Altogether, this study illustrated
that a relatively novel, cost-effective tool (digital repeat photography) is viable for tracking
ENSO induced phenological changes in Indonesian tropical forests.
5.1.2 Do satellite-derived vegetation indices reflect those calculated from ground-based
phenocams in tropical plant communities? (Chapter 3)
We explored the effectiveness of satellite imagery to convey phenological greening
trends compared to ground-based calculated greening measures of the GEI (green excess index)
and GCC (green chromatic coordinate). Over the course of about 3 years, including two ENSO
episodes, remotely sensed MODIS vegetation indices NDVI and EVI were mostly ineffective in
tracing phenological measures compared to ground-based phenocam indices. There was some
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evidence of potential agreement among EVI and GCC measures during the dry season, thus
indicating EVI may be a better satellite-based index for evaluating greening at the regional level
within these tropical landscapes. However, MODIS NDVI has previously been shown to not
accurately reflect ground-level measurements in tropical forests (Hmimina et al., 2013), which
may be attributed to spectral reflectances impacted by background water content (Meza Díaz and
Blackburn, 2003), and saturation under elevated plant biomass (Andresen et al. 2018).
Furthermore, this study demonstrated that the temporal and spatial resolution of satellite imagery
may prevent these platforms from capturing phenology changes induced by extreme events,
specifically ENSO. Our results indicated that, while the phenocam-based GCC conveyed a
decrease in greening due to decreased rainfall and increased temperature brought by significant
ENSO episodes, other vegetation indices (GEI, NDVI, EVI) were ineffective metrics in
Indonesian tropical forest landscapes.
5.1.3 How can we extend the use of phenocam technology to assess and monitor mangrove
growth and expansion? (Chapter 4)
This study took a novel approach to study a mangrove species’ phenology and
colonization (expansion). Through the use of digital repeat photography, we were able to
monitor and quantify long- term phenological changes in Rhizophora apiculata mangrove trees
in response to fluctuations in temperature and precipitation. We established that this particular
species has greening (GCC) optima at temperatures between 28°C and 28.5°C, and also found
that leaf growth was greatest at these times. Phenocams also allowed us to track litterfall, which
was greatest at the end of the dry season and mid rainy season. The use of phenocams in this
study may outperform and circumvent the use of traditional littertraps in future research
initiatives. This novel approach also provided the opportunity to assess mangrove colonization
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and expansion. After almost three years of imagery capture, we found that there was seaward
expansion of the mangrove through the establishment of new saplings, and a 50% growth of
established saplings. The use of the phenocam to track these changes in a mangrove is the first of
its kind, and therefore, provides many opportunities for future mangrove research.
5.2 LESSONS LEARNED
Overall, given the limited amount of time to plan and prepare, and the remote nature of
the field site far from the author’s home institution, this research endeavor was a success. A lot
of the project was “on the fly” planning and research establishment, yet it turned out well.
However, there were some limitations and challenges. While this project would not have been
possible without the generous assistance of key Indonesian collaborators: Pak Yaya Rayadin,
Angitto Sugihono, and Yusuf Syaifudin. Working with international collaborators inherently has
its challenges, i.e. differences in research goals/needs, differences in expertise and experiences,
differences in language, many of which our collaborations with UNMUL and Rare were able to
overcome. Other challenges were not so easy to overcome. Though Indonesia is no longer
considered a developing country according to the United States Trade Representative, it is still
emerging in many ways. Logistical obstacles in conducting research in Indonesia are still very
arduous. Scientific research is a low priority for the Indonesian government allocating a very
small budget for research (0.08% of GDP) (Moeliodihardjo et al., 2012). Also, obtaining
research permits in Indonesia is not easy. A new 2019 law from Indonesia's Ministry of
Research, Technology, and Higher Education (RISTEK) imposes strict requirements on foreign
scientists doing research in Indonesia, including the need to recruit local collaborators and a
near-ban on exporting specimens, along with stiff sanctions, including jail time, for violators
(RISTEK-BRIN, 2019). Additionally, research fees can add up, as RISTEK requires a number of
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documents and fees through the permitting and visa process. These obstacles in effect may deter
future international researchers and research endeavors.
There were some limitations in regards to phenocam setup and placement. Most studies
that utilize phenocams do so in conjunction with other ecological observations and measures
such as leaf area index, CO2/H2O fluxes, and other measures obtained from eddy covariance
systems, and often have towers or scaffoldings to mount the phenocam(s) readily available
(Migliavacca et al., 2011, Browning et al., 2017, Richardson et al., 2017, Richardson et al., 2018,
Zhang et al, 2018. In other cases like desert ecosystems, for example, where the canopy is not as
high, phenocam setup is relatively easy. However, in tropical forests, canopies can reach
upwards to 30-40 m high, therefore, posing a challenge for phenocam mounting. As such, our
studies sites were limited by the ability of mounting the cameras. This highlights the need to
develop durable, portable structures for camera mounting.
Limitations of the technology were revealed as well. With the advancement in phenocam
technology and its application, many studies have implemented servers and automatic downloads
for phenocam imagery (Klosterman et al., 2014, Richardson et al., 2018, Seyednasrollah et al.,
2019). As most sites in this study were remote and did not have access to power, a server was not
feasible, thus limiting the cameras capacity to the amount of storage and battery life. To address
this downfall, future studies in these landscapes should invest in solar power technology to
power phenocams and 1-2 TB SanDiskExtreme SD memory cards. This would help improve
data collection longevity. On the backend, studies should incorporate personal, research specific
code to upload, sort and store imagery. Also, the environments in tropical landscapes inherently
degrade and corrode equipment, thus the lifespan of a phenocam may be less than that if placed
in a different, less harsh environment. Therefore, that needs to be a consideration for future
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research. Some cameras in this study were vandalized or stolen, resulting in lost data, despite our
best efforts to mount them in inaccessible ways. This is something beyond the control of
researchers, but perhaps education and signage around or on the phenocam can help deter people
from vandalism or theft. Limitations in the imagery included the fact that some sites only had
one camera setup. Multiple cameras per site in a mixed landscape can provide continual
coverage and metrics to specific vegetation (St. Peter et al., 2018), and can expand the coverage
area (camera footprint). This will also help with exploring dynamics at different levels within a
landscape, e.g. canopy, understory, or floor.
5.3 FUTURE DIRECTIONS
The research presented in this dissertation has contributed greatly to the knowledge base
within tropical Indonesian landscapes. This research was highly exploratory by nature, thus,
opened the doors to a variety of questions and future research endeavors. We have identified
further research applications of this technology:


Continue to assess Indonesian research sites in collaboration with our Indonesian partners
by developing phenocam networks with multiple cameras within sites and across the
region, and synthesize with other datasets, e.g. soil moisture, vapor pressure, and
specifically for mangrove research: salinity records, staff gauge recordings, and depth
logs.



Establish phenocam networks in recently disturbed or deforested landscapes to track and
assess restoration/regeneration.



Expand the phenocam network throughout the tropics to better understand the differences
in trends and responses among different regions of the same climate zone.

95



Develop formal standards for evaluating and validating satellite-based products using
phenocams, and evaluate the usefulness of image fusion to navigate the complexities of
remotely sensed imagery in tropical ecosystems.



Synthesize phenological datasets with foraging, migrating and nesting habits research of
key species (orangutan).



Extend phenocam technology to land/ocean applications, specifically estuary processes,
e.g. tidal patterns, soil deposition rates, sea level monitoring.
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Appendix

Figure 16: Map of study sites in Indonesia. The green rectangle highlights sites within East
Kalimantan, Borneo, while the blue square shows the location of Karimunjawa,
Java.

Figure 17: Map of study sites in East Kalimantan, Borneo.
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